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Geodiversity of a European river network
controls algal biodiversity and function
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Lauren Talluto 1 & Gabriel Singer 1,2

Biodiversity and functioning often follow spatial gradients, yet with unclear causal linkage. In spatially
complex rivers, regional-scale factors associated with hydrological connections and catchment
properties control downstream transport ofmaterial and dispersal of organisms, both being crucial for
ecosystem functioning. In a single snapshot study, we here show how a river’s network structure
interacts with its terrestrial matrix to control key environmental conditions and periphyton community
composition at the local habitat scale, which in turn drive primary production. We found the high
geodiversity of the Vjosa River network to promote high periphyton beta-biodiversity through regional
(dispersal) and local (species sorting) processes. Community turnover driven by species sorting rather
than purely by dispersal was identified as relevant for production rates, suggesting a match between
environment and community composition to be conditional for functioning. Hence, anthropogenic
perturbation of regional mechanisms by river modification may affect ecosystem functions through
interfering with metacommunity structure.

In rivers, biogeochemical processes of global importance1,2 are driven by a
remarkably concentrated fraction of Earth´s biodiversity3,4. Alarmingly, we
are losing riverine biodiversity at an unprecedented rate5 without having
properly understoodwhat organizes ormaintains it6 nor being able to assess
functional implications of its dramatic loss7,8. One reason for this knowledge
gap is the need to consider regional complexity when it comes to studying
the linkage of community structure and functioning in natural river net-
works. This is particularly concerning as human activities result in changes
to land cover and river hydrology at regional scales.

In rivers, local ecosystems are connected in an asymmetric and hier-
archical dendritic network, producing a strong, directional influence of
upstream on downstream ecosystems9. Indeed, rivers are better con-
ceptualized as fluvial meta-ecosystems, where flowing water transports
materials andenergy fromupstreamtodownstreamanddispersal links local
communities to metacommunities at the regional river network scale10,11.
Hence, a river network´s spatial configuration in its terrestrial matrix (i.e.
geology and land cover) and downstream water flow therein may be the
ultimate controls for biogeochemical processes, as they shape environ-
mental conditions at any location in the network and structure its meta-
community frombacteria tofish12–14. A biogeochemical process like primary
production is the consequence of species interacting with resources in a
specific environment—understanding a river network´s primary

production thus becomes a question ofmetacommunity structure-function
coupling.

Metacommunity ecology provides paradigms (e.g. species sorting and
mass effects) for understanding the relative importance of local environ-
mental conditions, regional dispersal, and their interactions15,16. However,
observational studies on primary producer metacommunity structure in
river networks are scarce12, and assessments of its implications for func-
tioning are non-existent. Conceptually, efficient species sorting along
environmental gradients depends on dispersal, with most efficient species
sorting (i.e., the best match between community and environmental con-
ditions) expected at intermediate levels of dispersal16–18. Low dispersal may
prevent potentially productive species from reaching suitable local envir-
onments, while high dispersal may overwhelm local environmental selec-
tion and cause species persistence at environmentally unsuitable sites (i.e.
mass effects)19,20. The degree of match between environmental conditions
and a community´s traits may determine functional performance21,22. For
example, the productivity of periphyton species may depend on how well
they exploit resources, which in turn is determined by the match between
theirmorphology, a key species trait, and environmental conditions such as
flowvelocity. Specieswith a tall growth formhave an advantage over smaller
species, as their increased exposure to water flow facilitates nutrient and
light acquisition, however, the tall growth form also makes them highly
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susceptible to abrasion12,23. Contrary, smaller species are less exposed to
water flow and resist higher flow velocities, which makes them better
adapted tohighflowvelocity environments12,23. The occurrence of beneficial
traits of communities in prevailing local environmental conditions is
defined by community assembly processes, and these act at both local and
regional scales.Thus, progress towardunderstandingof primaryproduction
in river networkswill benefit from studying local aswell as regional controls,
including their interactions in a spatially explicit manner2,10,24.

Questions of spatial scale in studies of riverine primary production
have hitherto been investigated as effects of distal (e.g. climate, land cover,
geology) and proximal controls (e.g. resources, hydraulics) on a strictly local
description of production25–27. Ultimately, local nutrient conditions and
light are pivotal for primary production26,28. However, rivers gain nutrients
from their terrestrial matrix, and at the same time receive sediments that
affect turbidity and thus light availability. Therefore geology and land cover
act as regionalmodulators of primary production25,29,30. In-stream lightmay
vary from small to large spatial scales as it depends on light attenuation by
riparian vegetation, valley topography and turbidity derived from sus-
pended sediments transported over long distances30,31. Typically, primary
production responds to light variation along a saturation curve, reflecting
limitation and inhibition at low and high light, respectively. Production-
Irradiance (PI) curves are shaped by average light, nutrients, temperature,
and the autotrophic community27,32,33. Indeed, compositional turnover at the
community-level is an often observed adaptation to local light conditions, in
addition to physiological reactions at the cell-level via upregulating chlor-
ophyll-a content33–36. Parameters describing the shape of a PI-curve may
thus be directly linked to the functional capacity determined by the com-
position of the local community.

In a single-snapshot study, we here investigate periphyton primary
production across an entire river network in a spatially explicit manner that
transcends the use of scale-specific predictors for localized production
measurements as well as unidimensional river size gradients. We recognize
the river´s dendritic network structure and its terrestrial matrix as regional
controls shaping local environmental conditions andmediating community
composition through dispersal (Fig. 1).We hypothesize that environmental
conditions, community composition and their interaction through species
sortingfinally (co-)define the functional performance of periphyton in a real
river setting. Following our causal framework (Fig. 1), we used multiple
variation partitioning analyses with periphyton primary production as the
final response to a cascade of drivers from regional to local scale. Ourmulti-

scale approach is timely, as human activities increasingly influence regional
mechanisms driving fluvial meta-ecosystems. For instance, large-scale land
cover conversion changes a river network´s terrestrial matrix, and frag-
mentation interferes with a river network´s sediment and flow regimes37,38,
thereby altering transport and connectivity dynamics. Here, we study the
hydromorphologically unaltered Vjosa (Aoos) River network draining a
catchment of 6,704 km² ranging from the Greek Pindos Mountains to the
Adriatic Sea in Southern Albania (Fig. 2). The catchment is partly a United
Nations Educational, Scientific and Cultural Organization (UNESCO)
geopark with high geological diversity. Perhaps uniquely for its size in
Europe, theVjosa River network is still characterized by unobstructedwater
flow and sediment transport along a near-natural river corridor consisting
of gorges and both braided and meandering river sections39,40, making it a
well-suited river system for our large-scale meta-ecosystem function-
ing study.

Results
The multi-scale analysis of riverine meta-ecosystem functioning following
our causal framework (Fig. 1) indicated the importance of the Vjosa River
network’s terrestrial matrix and network structure as regional controls for
primary production because of their influence on both local controls,
environmental conditions and the community composition. River network
structure has a special role in our analysis as it constrains the transport of
nutrients and sediments and (passive) algal dispersal, which are all con-
sidered to occur mainly in a downstream direction12,41. 15 spatial variables
arising from eigenvector analysis constitute potentially detectable direc-
tional spatial gradients at various spatial scales among our 46 study sites (see
asymmetric eigenvector map analysis in “Methods”).We used those spatial
variables for the hypothesis tests as descriptors of network structure (Fig. 1),
each potentially acting as a proxy for a spatial process at a distinct spatial
scale. Forward-selected spatial variables included in final models (Table 1)
were spatial variable 1, which represented an upstream-downstream gra-
dient across the entire river network and strongly correlated with log-
transformed subcatchment area (Pearson’s r =−0.90, df = 44, p value <
0.001), and—at an intermediate spatial scale—spatial variable 2, which
differentiated the Drinos subcatchment from the main stem, and spatial
variable 4, which differentiated the Sarantaporos and Aoos subcatchments
(Fig. 3b). Further included spatial variables 5, 6, 13 and 14 described spatial
relationships among sites at smaller scales, which cannot be easily inter-
preted (see Supplementary Fig. S1). Remaining spatial variables did not
describe environmental gradients or shifts in community composition as
they were not included in any final model.

Limestone was identified as the dominant geological class in the entire
catchment. Additional common geological substrates were sandstone,
flysch and ultramafic igneous rock (Fig. 3a, see Supplementary Table S1).
Dominating land-cover classes were forest and natural vegetation. Agri-
cultural areas, bare rock, urban infrastructure and water bodies contributed
only little to the catchment’s land cover. Principal component analysis
(PCA) revealed main gradients of geology (geo-PCs) and land cover (land-
PCs). Important geological gradients distinguished limestone from ultra-
mafic igneous rock and sandstone (geo-PC1), ultramafic igneous rock from
sandstone (geo-PC2), limestone from flysch (geo-PC3), and conglomerate
and sandstone (geo-PC4) (see factor loadings of all PCAs in Supplemen-
tary Fig. S2).

Sites across the Vjosa River network revealed strong variation in
environmental conditions. For example, in-stream light ranged from 124.5
to 554.8 μmol m−2s−1 and water temperature from 6.5 to 22.7 °C (see Sup-
plementary Table S2). Variation partitioning showed that a large fraction of
variation in nutrients, temperature and conductivity could be explained by
geology alone (55%) and only 3% by the network structure alone (Fig. 3c).
While land cover was not significant, geology was identified as important
along three main gradients (geo-PCs 1–3). Specifically, subcatchments
dominated by limestone exhibited higher concentrations of nutrients,
except for concentrations of magnesium and silica, which were highest in
subcatchments with high relative amounts of ultramafic igneous rock and

Fig. 1 |Conceptual framework.Wehypothesized that (i) a river´s network structure
and the terrestrial matrix (i.e. land cover and geology) control environmental con-
ditions, (ii) periphyton community composition is sorted by environmental con-
ditions and its dispersal is constrained by the network structure, and (iii)
environmental conditions and periphyton community affect primary production.
Arrows illustrate hypotheses.
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flysch (see results from the redundancy analysis in Supplementary Fig. S3).
Spatial variables 1 and 14 (from asymmetric eigenvectormap analysis) were
selected as main descriptors of network structure driving environmental
conditions. Variation partitioning revealed that network structure alone
played a more important (25%) role than geology alone (14%) as driver of
in-stream light (Fig. 3c). A substantial fraction of the in-stream light var-
iation (33%) was shared by network structure and geology.

The periphyton metacommunity consisted of 489 taxa, obtained as
amplicon sequence variants (ASVs), and was mainly constituted of Bacil-
lariophyta (diatoms, relative abundance 80%) and Chrysophyta (19%). The
most abundant genera were the chrysophyte Hydrurus (35%) and the dia-
toms Asterionella (12%), Cymbella (12%), Diatoma (9%), Nitzschia (5%),
Gomphonema (5%), Navicula (4%) and Achnanthidium (4%). Additive
partitioning of diversity, which estimates how much of the regional per-
iphyton richness (number of ASVs in the Vjosa River network) was com-
posed of local richness (number of ASVs at each site) and the turnover
across local communities (β-diversity, see Methods)42, revealed that mean
local richness (53ASVs)was lower than expected under the nullmodel (164
ASVs, p-value < 0.001), whereas ASV turnover across sites comprised the
majority of the regional periphyton diversity and was higher than expected
(436 > 325 ASVs, p-value < 0.001). Not considering the 236 singletons, we
classified 140 ASVs as satellite and 10 as core taxa, across sites, on average
40% (±10 SD) of present ASVs were classified in one of these two groups.
Further, we could assign 16 and 24 ASVs to low-profile and high-profile
groups, respectively, across sites, on average 18% (±6 SD) of present ASVs
were classified in one of these two groups. Results of variation partitioning
suggest that network structure and environmental conditions explained the
variation in periphyton community composition similarly well (15% and
13%, respectively), with 9% of variation commonly explained by the net-
work structure and environmental conditions (Fig. 3d, Table 1). Forward-
selected environmental predictors were in stream-light and two main

environmental gradients derived from PCA, which ordered sites along a
gradient of low to high temperature, conductivity and concentrations of
nutrients (Ca,K,Na, SO4,Cl,NO3) (env-PC1) and along a gradient of low to
high Mg and Si concentrations (env-PC2) (Fig. 4).

Finally, we targeted the controls of periphyton functioning (potential
primary production), which wemeasured through (local) community-level
Production-Irradiance (PI) curves described by two parameters: the
biomass-specific maximum gross production rate (Pmax) and the light
intensity at Pmax (Iopt). The final model to describe variation in Pmax

included one selected environmental gradient and two selected gradients of
community turnover derived from PCA (Table 1): Pmax was positively
related to Mg and Si concentrations (env-PC2) (Fig. 4) and to cc-PC1 and
cc-PC3, (Fig. 5). Along both selected cc-PCs we found a shift in relative
abundance from high-profile (e.g.Diatoma vulgare var linearis, Encyonema
minutum, Melosira varians) to low-profile taxa (e.g. Achnanthidium min-
utissimum, Encyonopsis sp.) (see factor loadings of ASVs in Supplementary
Fig. S4). Satellite taxa dominated especially the higher end of cc-PC1 while
core taxa prevailed in the center of the gradient. Also, richness increased and
biomass decreased along cc-PC1; biomass also decreased along cc-PC3
(Fig. 5). Cc-PC3 decreased with log-transformed subcatchment area
(Pearson’s r =−0.49, df = 37, p-value < 0.01). Partial regression revealed
that the bulk explanatory power lay in the commonly explained fraction
(32%) and variation solely explained by environmental conditions or
community composition was not significant (Fig. 3e). In contrast, we found
no direct effect of community composition on the light intensity at Pmax

(Iopt), for which only in-stream light could be identified as a driver (Fig. 3e).

Discussion
Our study reveals how the essence of a river—a dendritically structured
network embedded in a terrestrial matrix – controls its primary production
via shaping environmental conditions and the autotrophic community

Fig. 2 | Map of the Vjosa river network with
sampling sites. Pictures show sites at the two con-
fluences Drinos-Vjosa, and Aoos-Sarantaporos and
at the upstream section of the Aoos (from left to
right). At each of the confluences, the two tributaries
show strong differentiation in sediment loads due to
diverging subcatchment geology. The presence/
absence of easily transported fine sediment drives
strong spatial autocorrelation of in-stream light on
any of the tributaries (Fig. 6). The dominant source
of fine sediment is the Sarantaporos catchment,
where abundant highly erodible sandstone creates
turbid water. In contrast, limestone dominated the
rather clear southern tributaries Voidomatis, Dri-
nos, Benca and Shushica (see also Fig. 3a).
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through various mechanisms acting and interacting across spatial scales.
Largely, our analysis based on variation partitioning supported our hypo-
thesized causal framework (Fig. 1). Environmental conditions strongly
reflected geological characteristics of subcatchments (Fig. 3c), yet network
structure alone explained substantial additional fractions of in-stream light
heterogeneity (Fig. 3c right), presumably by shaping the transport of sus-
pended sediments (Fig. 6). Both environmental conditions and the network
structure independently predicted periphyton community composition,
indicating species sorting along environmental gradients and dispersal to
shape metacommunity patterns (Fig. 3d). Our results suggest the regional
scale as the main spatial scale promoting biodiversity in the Vjosa River
network. Environmental gradients and community composition, both
strongly shaped by regional controls, ultimately influenced production
parameters (Fig. 3e). Importantly, the influence of environmental condi-
tions and community composition on the maximum gross production rate
(Pmax) largely overlapped (Fig. 3e right). This suggests that especially species
sorting along environmental gradients, which leads to a good match
between environment and community, enables high functioning.

The catchment’s remarkably high geological diversity clearly drove
environmental patterns (Fig. 3c). Surprisingly, network structure could only
explain 10% of the variation in nutrients, temperature and conductivity
across the Vjosa River network (of which 7%was shared with geology). We
attribute this to natural nutrient concentration and temperature dis-
continuities among sampled sites which diminished spatial autocorrelation
of downstream to upstream sites. We mainly sampled tributaries just
upstream of their confluences and sites immediately below where water
bodies were evidently mixed. This sampling design led to long watercourse
distances between sites on the same river reach (i.e., between confluences),
and in-stream nutrient uptake and transformation potentially caused
nutrient turnover at smaller scales than this distance between sites43. To
overcome this limitation, future studies should include sites in close
proximity on the same river reach44. In addition, human point sources and
abundant thermal and karstic springs might have created discontinuities in
environmental gradients. Further, the often strong environmental differ-
entiation of tributaries due to variable geology in their respective sub-
catchments may have caused discontinuities at downstream to upstream
sites of confluences9.

In contrast to the weak spatial structure of environmental gradients,
network structure was an important driver for in-stream light presumably
by constraining the transport of suspended sediments (Fig. 3c). This spatial
dependency is linked to the substantial loadof suspended sediments sourced
from sandstone-dominated subcatchments and their unobstructed trans-
port through the Vjosa River network (Fig. 2, Fig. 6)39,40. Negative effects of
selected geological gradients can all be summarized as reduced in-stream
light in subcatchments with large fractions of sandstone, as sandstone was
found at the positive end of all selected geo-PCs (i.e. main geological gra-
dients, Fig. 3a). Hence, effects of the network structure and geology are
difficult to disentangle, which resulted in a large commonly explained
fraction of in-stream light variation.

Variation partitioning showed that the periphyton metacommunity
was shaped by environmental conditions and the network structure
(Fig. 3d), which is corroborated by the higher β-diversity among local
habitats than expected by chance. This suggests that dispersal and envir-
onmental differentiation among local habitats were sufficient to enable
efficient species sorting, which caused a large fraction of the Vjosa River
network’s regional diversity to lie in differentiated local habitats16,45. Taxa
were sorted along gradients of light availability, nutrient concentrations,
temperature and conductivity (integrated in env-PC1 and env-PC2), the
dominant factors for periphyton community composition also identified in
other studies35,36,46,47. For example, the cold-water stenotherm Hydrurus
foetidus was most abundant in cold-water mountain streams in the Aoos,
Voidomatis and Sarantaporos subcatchments (see results from the redun-
dancy analysis in Supplementary Fig. S5). The relevant environmental
gradients were to some degree spatially structured as revealed by the over-
lapping fraction in variation partitioning of environmental and spatialT
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effects (Fig. 3d, Fig. 6). However, shifts in community composition attrib-
uted to the network structure alone suggest that dispersal dynamics in the
Vjosa River network also created periphyton metacommunity patterns
independent of environmental conditions.We note that this resultmay also
derive from unknown spatially structured environmental or biotic
controls48. Describing the manifold controls on periphyton communities,

including physical stressors such as shear stress and grazing by herbivores,
which may have a very localized imprint, is a challenge, which commonly
leads to poorly explainedmetacommunity patterns12,49. Thismay also reveal
limitations of snap-shot surveys, which cannot capture temporal variability
in environmental conditions and frequent disturbance during community
assembly50. Notably, discharge dynamics modulate the residence time and
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degree of connectivity between local habitats, therebypotentially shifting the
balance between community assembly processes during a year51.

Environmental conditions controlled primary production perfor-
mance in concert with community composition. A strong predictor of Pmax

was env-PC2, a proxy for magnesium and silica (Fig. 4), which was also
found to be an important niche dimension (i.e., predictor for community
composition (Fig. 3d) and richness (Fig. 4)) that parallels a main environ-
mental gradient related to the Vjosa River network’s geodiversity (see
SupplementaryFig. S3).Thedominant algal class in theVjosaRivernetwork
are diatoms with silica-rich frustules, and magnesium is an essential com-
ponent of chlorophyll. Both may constrain a community’s capability of
responding to environmental conditions by compositional changes and
regulation of cellular chlorophyll-a concentration and thus affect observable
Pmax

33–36.

Importantly, the environmental influence on Pmax was almost
entirely shared with two gradients of community turnover (cc-PC1 and
cc-PC3) (Fig. 3e), which identifies shifts in community composition along
environmental gradients as functionally relevant for primary production.
Indeed, these results point to the importance of a good match between
community and environment achieved by species sorting to enable high
Pmax. Vice versa, communities driven by mass effects necessarily suffer
from a poor match to the environment and have only limited Pmax. This
reasoning is supported by the concomitant shift from core to satellite taxa
particularly towards the higher end of cc-PC1 paralleling increasing
richness along cc-PC1 (Fig. 5). From a niche perspective, core and satellite
taxa translate to generalists and specialists; then this finding is consistent
with another study, which found generalists to form species-poor per-
iphyton communities while specialists dominated highly diverse

Fig. 3 | Main results that confirm the hypotheses presented in Fig. 1.Maps of the
Vjosa river network representing geological classes (a) and important spatial vari-
ables (SVs) (b, remaining spatial variables are shown in Supplementary Fig. S1);
colors of bubbles reflect opposite sides of the spatial gradient and sizes represent
absolute score values, hence, importance of sites for the respective spatial variable.
Squared Venn diagrams show results of variation partitioning analysis for the
respective response variables, i.e. nutrients (Ca, K, Mg, Si, Na, SO4, Cl, NO3), tem-
perature and conductivity (c, left), in-stream light (c, right), community composi-
tions (d), biomass-specific maximum production rate (Pmax, e, right), and light
intensity at Pmax (Iopt, e, left). Gray, blue, yellow and green squares show relative
fractions of variation of response variables explained by geology (GEO), network
structure (NS), environmental conditions (ENV) and community compositions
(CC), respectively. We tested statistical significance for relative fractions based on
Monte Carlo permutation tests with 999 permutations94,97. Asterisks show sig-
nificance (* P < 0.05, ** P < 0.01, *** P < 0.001) of relative fractions. Shared frac-
tions cannot be tested for significance. Overlaps of squares show commonly
explained variation. Significant predictors of respective relative fractions are shown
in italics; ± signs denote positive or negative effects, respectively, of single predictors

on single responses modeled by linear or multiple regressions. When used as pre-
dictors, geological classes, environmental conditions (nutrients, temperature and
conductivity) and community composition were reduced to the principal compo-
nents geo-PCs, env-PCs and cc-PCs, respectively. Factor loadings indicate the
strength and direction of the relationship between three important geo-PCs and a
subset of geological classes (a, factor loadings of env-PCs, land-PCs and remaining
geo-PCs are shown in Supplementary Fig. S2). Regression plot (e, center), including
regression line and 95% confidence band, shows effect of in-stream light on Iopt;
error bars represent standard errors. Geology shaped environmental conditions (c),
particularly the effect on in-stream light (c, right) can be attributed to the relative
fraction of sandstone in the subcatchment (see panel a for factor loadings of selected
geo-PCs). In-stream light also showed spatial patterns detected by spatial variables
(b), presumably derived from sediment transport along the river network. Effects of
environmental conditions and the network structure on community composition
point to species sorting and dispersal processes (d). Iopt tracked in-stream light
conditions (e, left and center) and environmental conditions and community
composition both shaped Pmax (e, right), whereas the strong overlap suggests the
importance of a good match between environment and community.

Fig. 4 | Main environmental gradients related to
periphyton richness and the highest maximum
production rate (Pmax). Principal component (PC)
analysis for environmental conditions (based on
nutrients, temperature and conductivity for 46 sites)
(a). Env-PC1 ordered sites along a gradient of low to
high temperature, conductivity and concentrations
of nutrients (Ca, K, Na, SO4, Cl, NO3) and env-PC2
was a gradient from low to high Mg and Si con-
centrations. Contour lines illustrate effects of env-
PC gradients on the biomass-specific maximum
production rate (Pmax), fitted as smooth surface on
the ordination diagram. Pmax was measured only at
sites with red circled dots (see Supplementary
Table S5). Darkness of dots represents larger sized
catchment areas. Richness, as amplicon sequence
variant (ASVs) counts, increased along env-PC1 and
env-PC2; the lines and the shaded areas represent
predictions and the 95% confidence intervals of a
linear regression model, respectively (b, c).
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communities52. At the higher end of cc-PC1, the observed high Pmax in
species-rich communities of specialists can then be interpreted as
reflecting complementarity enhancing functioning (Fig. 5). In contrast,
species-poor communities dominated by widespread generalists are
incapable of achieving efficient primary production. Revealingly, the
dominant compositional shift of the community (cc-PC1) also correlates
strongly with the ratio of low-profile to high-profile taxa and weakly with
biomass (Fig. 5). This suggests the turnover in community composition to
also reflect a transition from early to late successional stages (high to low
end of cc-PC1). Low-profile taxa (e.g. Achnanthidium minutissimum,
Encyonopsis sp.) are characteristic for early successional stages because
they show higher resistance to flow events and therefore have a coloni-
zation advantage23,53. Functionally, the greater surface to volume ratio of
low-profile taxa allows more efficient nutrient uptake and, in turn, higher
biomass-specific Pmax

53. In contrast, succession increases self-shading in

thicker periphytic mats, drives senescence, species loss and nutrient
depletion, and thereby reduces biomass-specific Pmax

33,54. A weaker
change of the ratio of low-profile to high-profile taxa and an even more
notable change of biomass, both likely driven by succession, also happens
along cc-PC3 paralleled by a relationship to subcatchment area. Higher
disturbance frequency in smaller streams may have led to earlier succes-
sional stages, while larger rivers with stable flows allowed substantial
periphyton growth55, with implications for periphyton functioning.
Altogether, diverse communities of magnesium- and silica-supplied low-
profile specialists in early successional stages produced higher Pmax

compared to less diverse communities of magnesium- and silica-deficient
high-profile generalists in later successional stages. It remains unclearwhy
in-stream light did not drive Pmax despite its important role for com-
munity composition. A possible cause for this could be that measured
Pmax is a potential and not an actually in-situ realized production rate.

Fig. 5 | Compositional shifts of the periphyton
community related to community descriptors and
the highest maximum production rate (Pmax).
Principal component (PC) analysis based on a
Hellinger-transformed rarefied site-by-ASV table
for 39 sites (a, see factor loadings of ASVs in Sup-
plementary Fig. S4). Contour lines illustrate effects
of PC gradients on the biomass-specific maximum
production rate (Pmax), fitted as a smooth surface on
the ordination diagram. Pmax was measured only at
sites with pink circles. Darkness of dots represents
larger sized catchment area. The solid line in (b)
illustrates a non-linear increase of the satellite to
core-taxa ratio (i.e. a gradient from communities
dominated by common taxa to communities
dominated by rare taxa) along cc-PC1 derived by a
generalised additive model; the shaded area repre-
sents the standard error. Solid lines in panels (c–g)
were derived by linear regression and show shifts
from high-profile to low-profile taxa along cc-PC1
(c), as well as an increase of richness, as amplicon
sequence variant (ASVs) counts (d) and a decrease
of biomass, as log(chlorophyll-a cm−2, e), along cc-
PC1, respectively. Along cc-PC3, the community
composition shifted fromhigh to low-profile taxa (f)
and biomass increased (g). Dashed lines in panels
(b, c, f) indicate where satellite vs core taxa, and
high-profile vs low-profile taxa are equally abun-
dant. Shaded areas in panels c-g are 95%
confidence bands.
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Also, undetected microscale heterogeneity of light conditions across the
vertical extension of periphytic biofilmsmay blur the in-stream light-Pmax

relationship54.
The strong effect of in-stream light on the light intensity at the max-

imum gross production rate (Iopt) is additional evidence for adaptation of
the community to environmental conditions. However, compositional
changes of the community could not explain variation in Iopt. This is sur-
prising, as in-stream light was found to shape community composition.
Presumably, communities responded to varying light availability rather on
the cellular level via upregulating chlorophyll-a than by compositional
changes35.

Overall, match/mismatch scenarios between the environment and
community composition driven by metacommunity mechanisms and
variation in successional stages influenced by river size-related disturbance
frequency emerged as drivers of periphyton light physiology in the Vjosa
River network. Hence, it is ultimately the Vjosa River network’s drainage
pattern on its geologically diverse landscape that shapes periphyton meta-
community structure-function coupling via various intermediate mechan-
isms. Consequently, our understanding of the role of the community and its
adaptations to in-stream light in a fluvial meta-ecosystem would benefit
from assessing temporal dynamics of match/mismatch scenarios between
the community and in-stream light and its effects on ecosystem function.

Our study emphasizes the importance of a holistic, spatially explicit
approach to understanding fluvial meta-ecosystems, primary production
and ecosystem functioning in river networks. The great biodiversity and
efficient biogeochemical performance of a river network depend on its
spatial structure and its terrestrial matrix. The very same structure also
makes them heavily vulnerable to human activities39. Securing future river
ecosystem functioning will depend on improved conceptualization and
parameterization of river networks as fluvial meta-ecosystems. To this aim,
natural heritage sites like the Vjosa provide strong reference points for the
fragmented, dammed and dewatered rivers dominating human landscapes.
Consequently, protecting near-natural river networks can also guide
regional-scale conservation and restoration of altered rivers.

Methods
The study river network and its terrestrial matrix
We investigated 46 sites mainly clustered around confluences (i.e. 2 sites
shortly upstream of their confluence and one site below after water bodies

weremixed) anddistributed across theVjosaRiver network to represent the
majority of the river network and enable time-efficient fieldwork in the
period 18 April-4 May 2018. We specifically chose a sampling season with
expectedly intermediate discharge (according to daily records for the time
period 1958–199039) where it is most likely to observe the interplay between
species sorting and dispersal dynamics as drivers of community composi-
tion. The river network and catchment were delineated from a 25m reso-
lution digital elevation model56. Fractions of land cover classes and
geological classeswere calculated for the subcatchment of each site using the
Coordination of Information on the Environment (CORINE) land cover
data57 and geological data (Greece: European Geological Data
Infrastructure58; Albania: digitalized geological map from the Geological
Research and the Oil and Gas Institute of Albania, 2002), respectively.
OriginalCORINE landcoverdatawere grouped into sevendominating land
cover classes (see Supplementary Table S3 and Supplementary Fig. S6). A
total of 40 geological classes occurring in both geological databases were
grouped into 13 classes (Fig. 3a, see Supplementary Table S1). Geographical
data was processed in QGIS 2.1859.

River network structure
Spatial variables derived from spatial eigenfunction analysis represent
spatial patterns unfolding across the entire study area or parts thereof and
are traditionally used as proxies for dispersal processes12,17,48. Asymmetric
eigenvectormap analysismodels spatial variables describing spatial patterns
produced by directional spatial processes, which are inherent to river
networks60. Asymmetric eigenvector map analysis was based on hydro-
logical distances between sites weighted by water travel time (tt) and per-
formed in R version 3.6.161 using packages aem62 and watershed63. To
capture site connections in the river network, we created a binary site-by-
edge matrix, where ones represented links (edges) in the flow-connected
upstream direction of a respective site and zeros were assigned to all other
links64. We computed the tt of a water parcel (or transportedmatter) based
on the length of the links and the mean velocity derived from a fitted
discharge-velocity power model65,66 (see Supplementary Methods) and
applied a decay function to compute weights as 1-(tt/ttmax)

0.512,67,68. Max-
imum travel time (ttmax) of a single link was 1336.4min. We then obtained
the weighted site-by-edge matrix as the Hadamard product of the site-by-
edge-matrix and the weights. Finally, we obtained 45 principal components
of theweightedsite-by-edgematrix as spatial variables. Fromthese 45 spatial

Fig. 6 | Spatial patterns of important drivers and
responses across the Vjosa River network. Note
that the representation of the majority of the net-
work is maintained for all parameters, even though
site count for different parameters decreases from a
total of 46 (% sandstone) to a subset of 26 (Iopt and
Pmax) sites. Env-PC and cc-PC are principal com-
ponents derived by principal component analysis
(PCA) on z-standardized log(nutrients), log(con-
ductivity) and temperature, and on Hellinger-
transformed rarefied site-by-ASV table, respec-
tively; Pmax, biomass-specific maximum production
rate; Iopt, light intensity at Pmax.
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variables, we selected only those with significant positive spatial auto-
correlationusingMoran’s I statistic60. The resulting set of 15 spatial variables
describing potentially detectable downstream processes were used as pre-
dictors in the global models (see Methods section “Data analysis”). When
variation partitioning reveals a significant fraction of variation in commu-
nity composition or environmental conditions to be explained by spatial
variables, then this suggests dispersal processes or transport of matter,
respectively, to generate the identified spatial structure. The detection of
specific important spatial variables through forward selection (seeMethods
section “Data analysis”) allowed us to draw conclusions about the location
and extent of spatial processes.

Environmental conditions
To describe environmental conditions, we assessed concentrations of
nutrients, temperature, conductivity and in-stream light conditions. We
filtered stream water on site through sterile 0.2 μm membrane filters (Sar-
torius, Göttingen, Germany) and stored samples at 4 °C in the dark pending
analysis within 4 weeks. Water samples for Ca, K, Mg, Si and Na analysis
were acidified (ultrapure HCl to <0.2 pH) and analysed by an inductively
coupled plasma optical emission spectrometer (ICP-OES, Thermo iCAP
6500, Thermo Scientific Fisher, Waltham, USA). SO4, Cl and NO3 were
measured by ion chromatography (Dionex ICS-2000, Thermo Scientific
Fisher). Soluble reactive phosphorus concentrations were below detection
(<0.01mg l−1) at all sites and therefore not considered. Conductivity and
water temperatureweremeasured in-situ (WTW340i portable conductivity
meter, Xylem, Weilheim, Germany) at the time of sampling. Additionally,
water temperature was continuously recorded at 10-min intervals for on
average 7 days (minimum of 1 day) per site with MiniDOT loggers (Pre-
cision Measurement Engineering, Vista, USA) and averaged over 24 h.

Average daily solar irradiance (I, W m−2) across the Vjosa River net-
work was modeled from solar angle, time of day, date, latitude and topo-
graphical shading at each site at 10-min intervals for an assumed 2-week
growthperiod before samplingwith r.sun inGRASS69,70. Then, we used light
measurements (HOBO Pendant temperature/light data loggers, UA-002-
64; Onset, Bourne, USA) at the water surface (I0) and bottom (Iz) recorded
during primary production measurements in the water-filled incubation
container (seeMethods section “Periphyton functioning”) to compute site-
specific light attenuation coefficients k [m−1] = (log(I0) - log(Iz))/z. Finally,
in-stream light conditions (as photonfluxdensity)were computed fromIby
multiplication with 2.0271 and using Lambert-Beer’s law for a depth of
0.17m (z), which reflects both the experimental conditions during primary
production measurements and the average sampling depth of periphyton-
covered stones. Our estimate of in-stream light conditions accounts for
topographical shading and turbidity, but ignores local short-term weather
effects and riparian shading given the open landscape character and the
sampled sites‘ wide channels (12.9–80.7m).

Periphyton community
The large-scale focus of our study required sampling of periphyton
reflecting metacommunity structure and network-wide environmental
variation rather thanmicrohabitat differences.We thus targeted ubiquitous
shallow-water periphyton communities and randomly collected 9–13 per-
iphyton-covered stones at a depth of 10–30 cm along the shoreline of an
approximately 100m long reach, in the Vjosa River network. We assessed
taxonomic composition, diversity and biomass of periphyton communities.
Following incubation (see Methods section “Periphyton functioning”), we
scraped the sun-facing side of the stoneswith a sterile scalpel and pooled the
resulting slurry in a Falcon tube. The slurry was diluted with sterile-filtered
stream water and homogenized before taking 1ml aliquots for DNA
extraction and pigment analysis, respectively. The first was conserved in
1ml 99%EtOH, bothwere kept frozen (−20 °C) pending analysis. Sampled
biofilm area was measured by image analysis from high-angle photographs
of the scraped stones.

Following DNA extraction72,73 and amplification of the 18S rRNA
(primers DIV4for: 5′-GCGGTAATTCCAGCTCCAATAG-3′ and

DIV4rev3:5′-CTCTGACAATGGAATACGAATA- 3′74,75), library pre-
paration (2 × 300 bp) and sequencing on a MiSeq Illumina platform were
performed by LGC Genomics (Berlin, Germany). We used the DADA2 R
package76 to denoise, merge and remove chimeras from paired-end
amplicons and to infer amplicon sequence variants (ASVs)77. We blasted
ASVs against the Protist Ribosomal and the silva v132 reference
databases78,79 to assign taxonomy by using a naive Bayesian classifier80. We
prioritised the results of the Protist Ribosomal database and only used
assignments derived from the silva v132 database for ASVs which were not
already assigned to the species level. Subsequently, we only retained ASVs
which were assignable to phototrophic taxa at the rank of division or lower.
Wecannot guarantee that all non-phototrophic taxawere excluded fromthe
study, as not all ASVs could be assigned to species and, additionally, not all
species have a clear definition of lifestyles (autotrophic, mixotrophic, het-
erotrophic). However, we expect a stronger bias by diminishing the reso-
lution of the community by a more rigorous exclusion of potentially non-
phototrophic ASVs than by wrongly retaining the expected low number of
these ASVs. Cyanobacteria, an important taxonomic group of the auto-
trophic biofilm community, could not be considered. ASVs were rarefied to
the dataset-wide minimum of 1949 reads (site 38). We had to dismiss data
from 7 sites due to bad extraction or poor sequencing results and retained a
final set of 39 sites.

To describe periphyton diversity, we calculated local richness as the
number of ASVs at each site. We applied additive partitioning using the
function adipart in the R package vegan81 and we tested the deviation of the
observed diversity components from those expected under a nullmodel that
randomly permuted the ASV occurrence matrix 999 times by keeping
original local richness and (regional) ASV occurrences fixed.

For analyses which involve community composition, we (i) excluded
singletons, i.e. ASVs which occurred at only one site, as they provide only
stochastic information about their environmental niche and spatial
occurrence17,82, and (ii) Hellinger transformed83 the rarefied site-by-ASV
matrix. We calculated Levins’ niche width index Bj ¼ 1=

PN
i¼1p

2
ij, where N

is the total number of sites and pij the proportion of ASV j found at site
i82,84,85. Low B indicates unevenly distributed ASVs across only a few sites,
whereas high B describes evenly distributed ASVs across many sites. B may
describe gradients from specialists with narrow niche width to generalists,
and also from low to high dispersers. We adopted a less interpretative
classification and assigned ASVs at arbitrary cutoffs B < 4 and B > 20 as
satellite taxa and core taxa, respectively. Further, we pooled assigned species
to two functional groups, low-profile and high-profile growth forms, a
classification found to describe resistance to physical disturbance and cor-
relate with ability to take up nutrients23,86. ASVs not assigned to the low-
profile or high-profile group comprise functionally ambiguous motile taxa
(35), planktonic taxa (21) and taxa which are either not in the used
database86 or which could not be identified to species level, a prerequisite for
an unambiguous classification. Finally, we calculated the ratio of Hellinger-
transformed relative fractions of satellite to core taxa and of the low-profile
to high-profile group for each site, respectively.

Aliquots for chlorophyll-a analysis were freeze-dried and extracted
with dimethylformamide87 before analysis by high-performance liquid
chromatography (HPLC; Waters, Millford, USA). Chlorophyll-a was
standardized by scraped stone area and used as a proxy for periphyton
biomass in subsequent analysis.

Periphyton functioning
Weassessed local respirationandproduction rates due to timeconstraints at
a subset of 31 sites, which were chosen in a way to maintain the repre-
sentation of the entire Vjosa River network (Fig. 6). We incubated
periphyton-covered stones in 4 gas-proof glass chambers (23x17x9 cm,
IKEA, Delft, Netherlands) filled with stream water (see Supplementary
Fig. S7 for pictures of the experimental setup). The chambers were put in a
lightproof plastic container filled with stream water to 17 cm depth, which
itself was placed in the stream to maintain ambient water temperature. The
lid of the container held a battery-powered warm-white LED light (LED
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Fluter 50W 12V, Westech-Solar Energy GmbH, Planegg, Germany) illu-
minating the chambers. We ensured water movement inside the chambers
and the container with battery-powered underwater toy propellers
(Brandstätter Group, Zirndorf, Germany) to prevent fine sediment
deposition and temperature or oxygen gradients.

Dissolved oxygen (DO) concentrations weremeasured non-invasively
at 7 s-intervals with optode sensor spots glued to the inside of the chambers
(PreSens Precision Sensing GmbH, Regensburg, Germany). Community
respiration rate (CR) was calculated based on DO change during an incu-
bation of >15min in darkness. Net primary production (NPP) was calcu-
lated from DO changes over consecutive incubations ( >10min each) at
three different light intensities achieved with neutral-density filters placed
just below an artificial light source.Wemeasured light withHOBOPendant
temperature/light data loggers at the water surface (I0) and bottom (Iz) at a
depth of 0.17m. This setting resulted in I0 of 30.0, 72.1 and 108.5 μmol
m−2s−1. To obtain three biomass-standardized gross primary production
rates (P, mg O2 h

−1 μg−1 chlorophyll-a) for the three light levels at each site,
we (i) summed up replicated DO change measurements, (ii) multiplied by
water volume in the chambers, (iii) normalized by chlorophyll-a per cm2

(see below), and (iv) subtracted CR from NPP. Finally, we fitted a PI-curve
using Steele’s equation, P = Pmax Iz/Iopt exp(1 - Iz/Iopt)

88, in an iterative
inverse modeling approach with the R package FME89 and using the sum of
squared residuals as objective criterion. The fitted parameters Pmax and Iopt
mean the biomass-specific maximum gross production rate and the light
intensity at Pmax, respectively. Due to occasional malfunction of the
equipmentor apoorPIfit,wehad todismiss data from5 sites and eventually
retained Pmax and Iopt values of 26 sites. For our study, we deemed PI-curves
to study the link between community features and primary production as
more appropriate than reach-scale measures of primary production (e.g. as
open-channel metabolism). The latter are inherently confounded by tem-
porally and spatially variable abiotic factors, e.g. diurnal changes in light
intensity and heterogeneous light distribution, and thus may not allow to
detect community-primary production relationships.

Data analysis
Our statistical approach followed classical examples of metacommunity
analysis which partition effects of geographical distance and environmental
conditions based on proportions of explained variation49,90. Geological
classes, land cover classes, environmental variables (nutrients, conductivity,
temperature) and the Hellinger-transformed rarefied site-by-ASV table
were reduced toprinciple components (geo-PCs, land-PCs, env-PCsandcc-
PCs) derived by four independent principle component analyses (PCA),
respectively, when used as predictors. Due to its pivotal role in our study, in-
stream light was not included in the PCA on environmental variables but
treated separately. We followed the same strategy in five independent
analyseswith three sequential steps. Each analysis involved two variables (or
sets thereof) as drivers (see Table 1 column “Predictor variables”) and one
response (or set of responses, see Table 1 column “Response variable(s)”)
according to our hypotheses (Fig. 1). In the first step, two separate global
tests, either redundancy analysis (RDA) in case ofmultivariate responses, or
multiple linear regression (MLR) in case of only one response, assessed the
relevanceof eachdriver for the response. For all globalmodels includingPCs
as predictors, we only considered those PCs which explained at least 3% of
the total variation of the respective data (see Table 1 column “Predictor
variables”). This rather low threshold gives high numbers of retained PCs
compared to othermethods91, yet it is necessary to obtain an overall correct
Type I error in the global model forming the basis for predictor selection in
the second step92. Predictors in global models were checked for multi-
collinearity using variance inflation factors93. In the second step, on each
significant globalmodelwe applied forward selection based on two stopping
criteria (significance level alpha and adjusted R2-value) to retain only strong
predictors in each driver matrix92. In the third step, drivers reduced to
selected predictors were used to estimate relative fractions of the total var-
iation of the response by means of variation partitioning using partial RDA

or partial regression64,90,94. The last step resulted in three adjusted R2-frac-
tions, ofwhich twowere exclusively attributable to the twodrivers,while one
shared component was the result of their covariation and cannot be
attributed to a single driver. This sequence of tests resulted, for instance, in
an assessment of variation of in-stream light driven solely by the terrestrial
matrix, solely by the network structure, or commonly by both. Similarly, we
assessed the importance of environmental conditions and the network
structure or both as drivers of community composition. Ultimately, we
attributed variation of production parameters (Pmax and Iopt) to local
environmental conditions, community composition or both.

To better interpret effects of community composition on production
parameters, we finally also tested whether functionally important gradients
of community composition, i.e. forward selected cc-PCs, determined the
ratio of satellite to core taxa, the ratio of low-profile to high-profile taxa,
biomass and richness (see Supplementary Table S4). In case of a non-linear
relationship, we applied generalized additivemodels (GAM).Weused the R
packages packfor95 for forward selection, mgcv for running GAMs96 and
vegan81 for running RDA, PCA and variation partitioning.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The data that supports the findings of this study are openly available in the
FigShare online repository at https://doi.org/10.6084/m9.figshare.
25713882.
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