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Abstract

Integrating the Top-down and Bottomup Controls of Community Assembly

Gabriel Khattar , Ph.D.
Concordia University, 2023

Community assembly theory investigates the mechanisms through which species from a broader
pool of potential colonizers form local communities at finer spatiotemporal scales. The theory is
heuristic because it reduces the large number of possible mechahiaping communities into a
tractable number of fundamental hitgvel processes. However, despite its heuristic value,
community assembly theory is inherently corté&pendent, i.e., its predictions regarding
community dynamics are only valid within pfec ecological conditions. Thus, a synthetic
understanding of community assembly relies on identifying a few influential ecological axes that
regulate the contextependent nature of community dynamics. In this thesis, | set out to
investigate communitassembly along two latent ecological axes that determine the context of
community dynamics. The first represents the-dogn control of species pools on the
membership of local communities. The second represents the haitaontrol of landscape
features on species movement and interactions. By employing prbesssl simulation models

that replicated community assembly across varied landscape structures and species pool
compositions, | generated theoretical predictions about the isolated and inteztetit®of both

forms of control on: (i) spatiotemporal patterns in community composition; (ii) the ecological
selection of prevailing lifhistory strategies observed in (meta)communities; (iii) the relative
importance of assembly processes across spaddime and throughout largeale ecological
gradients; and (iv) the trajectories of communities (towards differentiation or homogenization) in
response to natural or anthropogenic disturbances. | provide empirical validation for these
theoretical prediions by investigating the assembly of insect communities in distinct
(bio)geographic contexts or by contrasting model predictions with empirical patterns observed in
the literature. In parallel, | introduced new analytical frameworks that allowed thegtesthe
predictions outlined in this thesis and can be used to address other pertinent questions in
community ecology. Collectively, the chapters in this thesis derive a mechanistic understanding of
causal links between landscapediated bottorup contol, species poeiediated toglown

control, and the contextependent nature of community assembly. Beyond its theoretical
significance, this knowledge is crucial for predicting how the impact of human activities on
landscapes and species pools can alter structure, dynamics, and regulation of ecological
communities.
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LieFi gur es

Figure 1.1: A conceptual framework for community assembly that integrates maisikmdi and
spatiotemporal metacommunity models. The local abundance of species (capital letters) in a
specific locality (S1, S2, S3) at a specific moment in time (T1, TRisli&presented by different
colors in the pie charts. The species pools of mainigladd and metacommunity models are
linked by species dispersal in space and time (e.g., recovery from doriikagtates). Following
Fukami (2015), two types of spdtidispersal are represented: (i) external dispersal links the
species pools of mainlaridland models and the species pools of metacommunity models; and (ii)
internal dispersal links communities in a metacommunity. Species pools of masitral
models & fixed at fine ecological scales of community assembly but variable as a function of
evolutionary and historical processes operating at biogeographic scales. Species pools of
metacommunity models are temporally dynamic, changing as a function of -pattcim
mechanisms (specigbitat sorting, biotic interactions, demographic stochasticity) and internal
(i.e., within metacommunity) dispersal. Although this conceptualization is shown here for
illustrative purposes only, many of its aspects (e.g., diffesgres of species pools, spatial and
temporal dispersal, and withtommunity dynamics) are explicitly or implicitly considered in this

L8 1S PRSP 9

Figure 1.2: Graphical abstract for Chapter 2. In this chapter, we investigated how the typical
spatiotemporal environmental heterogeneity found in tropical mountainous landscapes and the
high degree of ecological specialization of its species pools deeri) spatial (middle panel,
vertical arrows), temporal (horizontal arrows), and spatiotemporal (diagonal arrows) patterns in
communi ty -divarsity)ait) theorelative importance of ecological selection and drift in
shaping these patterns ipage and time (Venn's diagram)...........cccceeveiviiicccee e e e, 11

Figure 1.3 Graphical abstract for Chapter 3. In this chapter, we investigated the dominant life
histories (species ecological specialization and dispersal ability) observed in species pools that are
ecologically selected (at the metacommunity scale, migdieel) by different landscape
characteristics. We also investigated the causal links between landscape characteristics, species
pool attributes, and our empirical inferences about the importance of mechanisms driving
community assembly (Venn's diagramhig chapter assumes that species dispersal abilities are
speciesspecific but fixed (i.e., dispersal ability does not change depending on the surrounding
abiotic and biotic conditions that determine species performances). More realistic assumptions
about dspersal strategies are explored in Chapter.d........ccooeeeieiiieeeiciii e 13

Figure 1.4 Graphical abstract for Chapter 4. In this chapter, we investigated how different
landscape features and competitive dynamics within species pools (not shown) select for the
success of different contedependent dispersal strategies in metaconitieg (success is
measured as species dominance at the metacommunity scale, middle panel). There, dispersal
strategies for emigration propensity, habitat selection, and traversal are-sjpecifis and plastic
(contextdependent). This chapter servesaabeoretical essay about the dual nature of dispersal

in community assembly theory, i.e., it is simultaneously a cause and consequence of
MEtaCOMMUNILY AYNAIMICS. . .uuu it eeee e e e e e e e e e e eeeae e e e et e e e e e eesaa s e e s aanneaeaenes 15

Figure 1.5: Graphical abstract for Chapter 5. In this chapter, we investigate how different life
histories in the regional pool (different combinations of ecological specialization and dispersal

Xi


https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752311
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752312
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752312
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752312
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752312
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752312
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752312
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752313
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752314
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752314
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752314
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752314
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752314
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752314
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752314
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752314
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752315
https://liveconcordia-my.sharepoint.com/personal/g_khatt_live_concordia_ca/Documents/Thesis%20final/Thesis%20Final%20Documents/Thesis_GK%20-%20Copy.docx#_Toc147752315

ability) and landscape features influence the attributes of local patches harbouring keystone
communities. Keystone communities are those whose extirpation causes cascading secondary
effects on extinction and colonization patterns, ultimately driving fsogmt temporal changes in

t he s qigetsity @middl®panel).........ccoiiiiiii e 17

Box | Distinct mechanisms dictate the distribution of core and occasional species within
metacommunitiesé é e é e éeééeéeeééeéeéeéeéeéeéeéecee .24

Figure 2.1: A summary of our conceptual model and quantitative framework. The heatmap in the
left represents the spatiotemporal structure of environment in the study system (i.e., scores of
elevationby-month samples in the first principal component ofdbeelation matrix of climate
variables). It is highly stratified elevationaly but not seasonally, which is typical for mountain
systems (i.e., high vertical but low horizontal color variation in the heatmap). The panel in the
middle represents four fichal communities varying in time (T1; T2) and space (S1; S2). The
resulting SBrensends dissimilarity matrix (ri:
the speciedy-site-by-time matrix (total betaliversity, BDota, Legendre and De d&eres 2013)

into its purely spatial (i.e., Bigace red arrows), purely temporal (i.e., Bi, green arrows), and
spatiotemporal (i.e., Bt purple arrows) components based on the equation at the bottom. Here
we consider two types of species within each community (adapted from White et al. 2010). Core
species (large font size) are well adapted to local environmental conditions and, congequentl
maintain longterm viable local populations even in the absence of immigration. Occasional
species (smafbnt size) are not well adapted to local environmental conditions and, consequently,
their local occurrence depends on the random immigration of individuals from neighboring
communities. In this example, Bfacels given by the turnover of core species caused by the high
stratification of environmental conditions in space (i.e., deterministic speci@®nment sorting
mechanisms). The low stratification of environmental conditions in time allows the maintenance
of the local population of core species. sich, BRme represents the turnover of occasional
species driven by stochastic events of colonization and local extinctions that cannot be
distinguished from the random allocation of individuals from the regional species pool into local
communities (i.e., stochastsampling effects). BEris then the outcome of the deterministic
turnover of core species in space and stochastic turnover of occasional species.in.time?2

Figure 2.2: Panel A summarizes (i.e., bar heights = mean, whiskers = Standard error of the mean)
the average contribution of spatial (BEJ, temporal (Bldme) and spatiotemporal (Bd1) beta

diversity to BQuta Observed across the 10 taxonomic groups (seen in Panel B). Across taxa, the
average contribution of Blae to BDiotal is significantly lower than the contributions of BReand

BDspxt. Additionally, BDime is significantly more nested than Bldeand BDspxt. Panel B, first

row (top): Phengodidae (gleworms), Lampyridae (fireflies), Carabidae (ground beetles).
Second row: Eumolpinae (Leaf beetles), Antrhibidae (fungus ilsgeand Cerambycidae
(Longhorn beetles). Third row: Metopiinae, Pimplinae, Meteorus. Fourth row: Mesoso@inae.

Figure 2.3: Considering all taxonomic groups combined (n = 10) , dissimilarities in temporal beta
diversity (BDime) are, on average, not different from null model expectation (mean standardized
effect size-mean SE$ overlaps with dashed line in 0). Conversely, spatial s(&9 and
spatiotemporal (BEhxt) betadiversities were higher than the null expectation (i.e., meag SES

0 in both cases) and significantly higher than inigDA jitter effect was used to place taxonomic
groups according to their mean SBE@lues across dimenSioNS...........cvivirer e eeceeecciieeeenn 32
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Figure 2.4: Interaction plot showing the percentage of the total variation in the spatigl.§BD
temporal (BRme) and spatiotemporal (Bdpkr) dimensions of the compositional dissimilarity
matrix explained by environmental dissimilarities (E&y stochastic sampling effect&{ "Di |
and their joint contribution (Joint). Symbols show mean values obtained considering all 10
taxonomic groups. Whiskers = Standard Error of the mean...............ccoovvveeeeiiiiiee e, 34

Figure 3.1: A mediation model for the geography of metacommunity assembly. It incorporates
the effects of both landscape (exogenous variables) and species pool (mediator variables) attributes
on the relative importance of selection, dispersal, and deft Endogenous variable). Dashed
roundedged boxes represent theoretical constructs, i.e., components of the metacommunity theory
that are inferred from measurable variables and patterns observed in empirical metacommunities
(sol i d r ect asengslthe amount i Yanation i pommunity composition explained

by environmental variables and spatial and temporal predictors. The variation explained by their
covariation (i.e., joint contribution) is omitted................ooiriiiiiie 53

Figure 3.2: Schematic representation of simulated landscape characteristics. Spatiotemporal
environmental heterogeneity SH/TH is calculated as the log of the ratio between the average
variance of environmental conditions in space (SH) and the averageceaghenvironmental
conditions in time (TH). In the top heatmaps, patches are ordered based on environmental
characteristics to aid in the visual comparison between spatial (vertical color variation) and
seasonal (horizontal color variation) environmehttkrogeneity. Spatial structure represents the
type of spatial distribution of environmental conditions considered in the simulafrons totally

random, through autocorrelated landscapes, to a linear gradient. Connectivity decayed
exponentially withgeographic distance between patches at caéed values below a fixed
threshold were trunCated t0.0..........uueiiiiiiiiiie e aee e 54

Figure 3.3: Landscape attributes determine the dominartitfery strategies in species pools.
Among landscape attributes, variation in landscape seasonality was the main driver of variation on
metacommunityweighted niche breadth and dispersal ab{ltgo see Fig.4). Aseasonal (SH/TH

> 0) landscapes selected for environmental specialists (i.e., narrow niche breadth) that were also
weak dispersers (i.e., low dispersal ability). Seasonal (SH/TH < 0) favored the dominance of
environmental generalists thaere also strong dispersers. These are the results reported for the

AEqual 06 di spersal scenari o where species were
The results for the fAMostly Spatial ortedimd A Mo S
Supp. Information Figures SIE3AIV. ... 63

Figure 3.4: Theoretical predictions derived from path analysis considering the relationships
between landscape characteristics (exogenous variables), the dominhistdife strategies in
species pools (mediators), and the variation partitioning compo(@mlogenous variables). For
purposes of tractability and synthesis, only pathways with effect sizes higher than the median
absolute effect sizes across all relationships among exogenous (landscape characteristics),
mediators (species pool attributes)dandogenous (variation partitioning assembly) are reported
here. Arrow widths are proportional to the effect sizes estimated. The SH/TH index is given by
log of the ratio between spatial and temporal environmental heterogeneity. It has positive values
in landscapes where spatial environmental variation is stronger than seasonal variation but
negative values in landscapes where spatial environmental variation is weaker than seasonal
variation. Results reported considering all dispersal scenarios pooletthéngThe numerical
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results obtained from path analyses considering each dispersal scenario pooled together and
separately are reported in Supp. Information (Tables SV .1.........coveeiiiiiiiiiiiiiceeiiiiieee. 65

Figure 3.5: We analyzed the assembly of moth metacommunities in two different mountainous
landscapes: the tropical and relatively aseasonal Mount Cameroon (MTC, SH/TH >0) and the
temperate and relatively seasonal H.J Andrews experimental forest (AEF, SB)Tpanel A).

In the MTC, the regional pool is dominated by climate specialists, while climate generalists
dominate the regional pool in the AEF (panel B). As such, deterministic sesiesnment
sorting is the primary driver of community assembly time MTC, whereas temporal
autocorrelation on population dynamics and the temporal structure of climate are the main drivers
of variation in community composition in the AEF (panel C). White dots in panel B represent
estimated metacommunityeight climatedlerances. Shared contributions of climate, space, time,
and time and space were extremely small in both metacommunities (< 0.1 %) and, therefore, were
omitted in the Plot iN PANEL.C...........eeiieie e 67

Figure 4.1: Simulation framework designed to understand how metacommunity dynamics impose
ecological selection on context dependent dispersal strategies. Species were generated assuming
random combinations of distinct dispersal strategies (i.e., repeeskntthe plotted curves) for
emigration propensity, habitat selection, and traversal probability (central panel). Species were
allowed to colonise and reach coexistence in metacommunities subjected to different competitive
dynamics (given by the factorspresented in the lower panels) that took place in landscapes with

di fferent features (given by the factors rep
determine the landscape's spatial structure in environmental conditions and seasonality,
respetively (See more in Supp. Information I). The size of regional pools gives the richness of
potential competitors at the beginning of each simulation iteration. Variation in competition type

was simulated by manipulating the apita effects of a speciesn itself (intraspecific
competi t))ilomnd on ot h er speci e,,sjk)laﬂermvvee:onscbredc i fic
species pools wrd&r tsitlhbiddg wadrgs@(nid ) and

dest ab iwkEijEi gl glEOMPEtition..........oc.oeiveriireeeiieeesceeee e emeaeie e 89

Figure 4.2 Dominant dispersal strategies for emigration propensity, habitat selection, and traversal
probability observed across simulation scenarios. The curves in plots A, C, and E illustrate a small
subset of the full range of contex¢pedent dispersatrategies seeded into metacommunities at
each simulation iteration. The shape of these curves depends on the-specifés parameters

ep, hs, and ts. The colour scales indicate the range of dispersal strategies that have dominated
metacommunities athé end of each simulation iteration (estimated as the metacommunity
weighted mean values for hs, ep, ts). For illustrative purposes, some of these strategies are
represented by the coloured curves in plots A, C, and E. The colour scales also senaxexsca ref

for the heatmaps (B, D, and F) illustrating the changes in dominant colejgemdent strategies
across |l evels of seasonality, spati al autocor
Each entry (square) in the heatmap represents\ibege value of the 20 metacommunity
weighted means obtained for a given simulation scenario. The results reported here were obtained
under the assumption of niche differentiation (i.e., simulated species differed in habitat
requirements). See Figs 4.3,-6l, and &A.lIlI for results obtained under the assumption of
LT 01 1= U120 PPPPPRPT 95
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Figure 4.3 Partial dependence (PD) plots showing the predicted levels of dominant dispersal
strategies in metacommunities (i.e., metacommungighted mean values for ep, hs, ts) across
levels of seasonality (first column), spatial autocorrelation inrenmental conditions (second
column), size of seeded regional pools (third column), and types of competition. Relationships
were estimated for each level of the niche differentiation assumption (Neutrality = simulated
species shared habitat requirementschE Diff. = simulated species differed in habitat
requirements). Relationships of with variables that were not kept in the final random forests after
feature selection were reported for illustrative purposes only (gray). R2 of random forest model
fitted per row: metacommunityeighted mean ep = 0.90, hs =0.81, tp =0.95................ 97

Figure 4.4: Partial dependence (PD) plots showing the predicted diversity of dispersal strategies
(i.e., metacommunityveighted standardeviation for ep, hs, ts) across levels of seasonality (first
column), spatial autocorrelation of environmental condgi (second column), size of seeded
regional pools (third column), and types of competition. Relationships were estimated for each
niche differentiation assumption (Neutrality = species shared habitat requirements; Niche Diff. =
speci es 6 h a tsdiffeeed). Relaianships oéem,ds and ts with variables that were not
kept in the final random forests after feature selection were reported in gray for illustrative
purposes only. R2 of random forest model fitted per row: metacommwuaighted stanard
deviation ep = 0.89, hs = 0.75, 1P =0.9.. i ii i 98

Figure 5.1: Schematic representation of the proposed analytical framework to estimate community
keystoneness. We start by creating a graphical representation of a metacommunity (S) wherein
nodes are communities and edges are weighted compositional siesil@8tep 1). We then
estimate the second smallest eigenvalue (SSE) of the weighted Laplacian matrix repr&senting
using eq. | (see Main text, and Supp. Material | for details) (Step Il). The SSE informs how difficult

it is to disconnect a graph (i.e., its algebraic connectivity). Then we remove a comm#ity of
createS', recalculate the SSE based3r§Steps Il and 1V), and estimate the observed impact of
community removal as the difference between SSE S and SSE S' (Step V). We then rank
communites in ascending order of impact and use null models to assess their expected position in
the rankedmpact list considering their size (abundance) and the abundance distribution of species
in the regional pool. By contrasting the observed and expectetioposi communities in the
rankedimpact list (se&keystonenesis main text), we can identify communities whose removal
disproportionately impact§ (Step VI). "Keystone communities" are those whose observed
position in the ranked@mpact list is higher thn expected based on their size (orange area in the
scatterplot plot). Al dl e communiti eisgactiist e t ho
is lower than expected based on their size (green area in scatterplat.plot)................... 111

Figure 5.2: Results of random forest modeling considering community keystones as a function of
habitat quality and patch connectivity. Community keystoneness increased with habitat quality

and patch connectivity (effect sizes > 0). Note that the magnituthese relationships varied as

a function of speciesd6 niche breadths and di s
across 50 simulation replicates per combination of levels of niche breadth and dispersal rate in the
simulated regional . Whiskers represent 95% confidence intervals. Dashed line represents
EIECT SIZ8 = D e 117

Figure 5.3: Results of simulated removal experiments. Impact of community removal on temporal
changes in the metacommuity structure (total

XV
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local abundances. Communities were sorted into deciles of keystoneness (i.e., Q1 = the 3
communities with the lowest levels of keystoneness, Q10 = the 3 communities with the highest

keystoneness). Losses and gains on local species abundances over timp sumo t ot al ®

b . Points represent average effect sizes acro
of niche breadths and dispersal rates in the simulated regional pool. Whiskers represent 95%
confidence intervals. Dashed line représenp S p at..i.al...b..5.. 0. 118

Figure 5.4: Mapping the keystoneness of moths communities in space (across elevations) and time.
High-elevation communities consistently exhibited a greater degree of keystoneness compared to
[OW-€elevation COMMUNITIES........ooiiii i rree bbb eeens bbb r e e e e e e e e e e s semee s 119

Figure 5.5 Results of random forest modeling considering local diversity (PanéFA).88) and
keystoneness (Panel B2 R 0.61) as a function of climate, spatial MEMs, temporal AEMs, and
light pollution (ALAN, in yellow) at different scales, spatial and temporal variables of the
empirically studied moth metacommunity. Only predictors retained via model selection are
repored here. The first column shows variables ranked in order of importance to model fit
(estimated as % of the increase in mean squared errors when permuted). The second column shows
their standardized effect sizes. Dashed line represents effect size & @Whiikers indicate a
confidence interval at 95%. The third column reports partial dependence plots. They serve as a
graphical depiction of how the average predicted values of the response (local diversity and
keystoneness) change with variation in thelef ALAN at smaller (1km buffer) and larger (5km
buffer) scales. The shaded area encompasskeStandard error of the mean................... 120

Figure SI. 2.Mirtual landscape in which metacommunity models were set to run (only last 12 time
steps are shown). The spatiotemporal structure of environmental conditions is similar to the one
observed in the tropical slope where insect communities were sampledds@elkn the main

LE2 () TR TP U PP PPPPPPP 39

Figure SI. 2.1l:Average contribution of spatial (BRc9, temporal (B@me), and spatiotemporal
(BDspx1) changes in community composition to the total variance of spbgiste-by-time

matrix (BDwta)). In the first panel analyses were carried out considering both types of species across
communities (Full matrix) and results were qualitatively similar to the results observed across
insect communities sampled in this study (see Fig. 2.2 main textptfi@etwo panels show the
results when only occasional (middle) or core species (right) were kept within communities. As
we can see, the composition ofe species varies relatively little over time, while the composition

of occasional species varies in all diIMEeNSIONS. ..ot 41

Figure Sl. 2.1ll: Mean Standardized effect sizes (SES) observed across dimensions calculated
considering full communities and after the removal of either core or occasional species (see caption
of Figure SI 2. 1l). Patterns observed in the full matrix wegrelitatively similar to the patterns
observed in analyses considering real communities (see Fig. 2.3). When considering only
occasional species (middle), there is a higher similarity between the null expectation and the final
simulated matrix (SES clos#&y zero). This result indicates that stochastic events of colonization
extinction are the main drivers of bedaversity when only occasional species are taken into
consideration in our analyses. Conversely, Joetersity was very different from the null
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expectation (i.e., above 0 in Bfd«and BOspxt,but below zero 0 in Blixe), which indicates that
other mechanisms drive the spatiotemporal distribution of this type of species across communities
.......................................................................................................................................... 42

Figure Sl. 2.1V; Individual based rarefaction per taxonomiC groUp...........ceeveeeeriieaneeeeer. 44

We make use of simple simulations to demonstrate that averaging effectively controls for
differences among Bdpace BDime, and BDspxt that result solely from unbalances in the
dissimilarity matrixD. We started bgimulating 150 regional pools using three different species
abundance distributions (Laegpormal, Poissoihognormal, and negative binomial distributions, 50
regional pools each). Each regional pool was composed of 1000 individuals distributed across 50
speces. Each individual within any given pool was then randomly allocated across 90 samples
with specific spatial and temporal coordinates. Then we calculated the pairwise dissimilarity
among simulated communities and obtained the mBlix Note that the mmber of entries in

Dsim representin@iime, Dspaceand Dspxt Was set to herespectively, 225, 630, and 3150; the same
unbalance observed our realD matrices.Since the composition of simulated communities is
generated by chance alone, all dimensions should equally contributest Blowever, without

proper correction, we observe that > BDspace BDime; @ pattern that is caused by the
observed unbalance Dsim (Figure Sl. 2. V) Only after dividing BRpace BDtime, and BDspx by

the number bentries inDsim representindspace Diime, and Dspxt, We observe that all dimensions,

on average, contribute equally to BR(Figure Sl. 2. VI) Based on the same simulations, we also
show that the results of the SES procedure (see main text) were not influenced by unbalances in
D. More specifically, in these simulations where species were randomly distributed across
communities, the mean SE®r each dimension is not significantly different fromFigiure SI.

Figure SI. 2.VI Partitioning Bl into its dimensions (BERace BDtime, BDspxt) without
accounting for unbalances in the dissimilarity maDi. Even though our simulations were set
in a way that community composition would change equally across dimensiogs£BBDiime
=BDspx1), the contribution of each dimension to g&Rkdiffered due to differences in the number
of entries inDsim representing betdiversity in each dimension...............oooooeeicieee s a7

Figure SI. 2.VIl: Same as in figure Sl. 2.V but now we averaged the contribution of each dimension
to BDota Dy the number of entries Dsim representing betdiversity in each dimension. After this
correction, the contribution of each dimension tadaRvas not significantly different.......... 48

Figure SI. 2.VIIl: Standardized Effect Sizes (SES) are similar across dimensions in
metacommunities despite unbalancesDgm. Mean pairwise SES values across dimensions
revolve around zero because communities were set to represent random samples taken from the
regional SPECIES POOL... ..ot e et e e e et et e e e e e e nnnreerra e eaeen 49

Figure SI. 3.1: A simple conceptual framework for community assembly that integrates different
operational definitions of species pools, different types of dispersal, vetinmmunity assembly
mechanisms (ecological selection and drift), and mechanismatiogeat broader spatiotemporal
scales. Pie charts represent different communities. The relative abundances of each species (capital
letters) are represented by different colors in the pie charts. Adapted from Fukami.(201).
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Figure Sl. 3.1I: Performances of five different species (B@p5) at different environmental
values (Env) when competition is negligible d
Adapted from Buchi & Vuilleumier, 2014........cccooeiiiiiiiiiiiieeee e 73

Figure SI. 3.lll: Landscape attributes determine the dominant niche breadth in species pools.
Aseasonal (SH/TH > 0) landscapes select for environmental specialists (i.e., narrow niche
breadth). Seasonal (SH/TH < 0) landscapes favor the dominance of emtah generalists.
Interestingly, when considering metacommunities mainly structured by temporal dispersal, we
observe an increase in the persistence of species with a relatively narrow niche breadth in seasonal
landscapes. Numerical relationships areated in Supp. Inf. tables SI 3.1l and 3.1\.........74

Figure Sl. 3.1V: Landscape attributes determine the dominant dispersal ability in species pools.
When spatial dispersal is more frequent than temporal dispersal, dispersal ability was maximized

in highly connected landscapes where environmental heterbganspace and time were similar

(i.e., SH/THa& .dn contrast, when species were constrained to disperse mainly in time (the
AMostly Temporal o scenario), dispersal abilit
SH/TH < 0). Numerical relationships are depicted in Supp. Inf. tables Il and.IV.............. 75

Figure Sl. 3.V Results after reanalysing empirical data considering elevational ranges of similar
size (approximately 1000m). Se more in main text and caption of Figure .h.................... 85

Figure SI. 4.1: Partial dependence (PD) plots showing interactive effects of seasonality (panels),
spatial autocorrelation {axis), and the niche differentiation assumption (symbols) on the
dominant dispersal strategies in metacommunities (i.e., metacoitgrneighted mean values for

L= O £ 1S TR £ S SSRRRRRR 103

Figure SI. 4.1I: Partialependence (PD) plots showing interactive effects of seasonality (panels),
spatial autocorrelation {axis), and the niche differentiation assumption (symbols) on the diversity
of dispersal strategies in metacommunities (i.e., metacommumrityhted standd deviation
ValUES fOr €D, NS, 1S) .. i e e e e e e e e e e e e e eee e e e e e e aaeaees 104

Figure Sl. 4.11I: Partial dependence (PD) plots showing interactive effects of competition type
(panels), seeded richness of competitorsax(s), and the niche differentiation assumption
(symbols) on the dominant dispersal strategies in metacommunitges rietacommunity
weighted mean values for ep, NS, £S)...uuuiiiiii e 105

Figure SlI. 4.1V: Partial dependence (PD) plots showing interactive effects of competition type
(panels), seeded richness of competitorsax(s), and the niche differentiation assumption
(symbols) on diversity of dispersal strategies in metacommunitgesrietacommunityveighted
standard deviation values for €p, NS,.1S)......cv i 106

Figure Sl. 5.1I: Artificial light at night (ALAN) in the Jeju Island, South Korea. Color scale depicts
levels of radiance (lotransformed to facilitate visualization) captured by the visible infrared
imaging radiometer dagight band (VIIRS DNB) satellitdBlack dots represent the sampling sites
within the Mount Hallasan National Park..............ccooieciiiieeceeen e 124

Figure Sl. 5.1I: Sampling sufficiency estimated through the decrease in Multivariate pseudo SE
(Anderson and Santat@aarcon. 2015). The red vertical line represents the minimum sample size
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ChaptGemeXlI al hntroductio

1.Community ecology may be | awl ess, but it

"[ é Jwithout a historical appreciation for the development of
ecological ideas, ecologists can neither easily relate theory to
reality nor detect the recycling of historical debates and isSues.
(Graham and Dayton 2002)

Therealizationthat maturedisciplinesare marked byhe possessioaf generallaws has
led many ecologist® purste distinctiveecologicalawsthatwould"carvenatureat its joints and
solidify ecologys status amonthe foremostnatural sciences O6 Har a 2005 ; Roughg
Justus 2021)This motivationwas particularly strong in the second half of 208 century ands
outlinedin the openingemarksof Robert MacArthus influential book iGeographical Ecology
(1972)

"To do science is to search for repeated patterns, not simply to accumulate fadst not all
naturalists want to do science; many take refuge in nawamplexity as a justification to oppose
any search for patterrisé ]".

MacArthurs rallying cry, whichreads as manifesto against phenomenological and descriptive
studies in community ecologgchoedamonginfluential ecologistsat the time includingE. O.
Wilson, Richard Levinsand Richard.ewontin. However the pursuit of distinctivanduniversal
ecologicallawsmanifestedasrepeategatternsn naturefaced challengeshen it became evident
that different underlyingmechanismsould produce analogoymatternsin communiy size and
composition(i.e., the"manyto-oné' problem,sensuLevins and Lewontin 1980Moreover,a
largebody of empiricakvidencedemonstrated th&cologicalrelationshipsnitially considereas
universal (e.gdiversity-area relationship latitudinal clines on species diversistc) aremarked
by striking exceptions across taxa and biogeographic re(gomsWardle et al. 1997; Cerezer et
al. 2022) Consequentlythe literature between trend ofthe 20" and the beginning of th21
centuresis marked bya strongskepticism about the scientifi@lueof community ecologylue to
its elusivestudy subject$Ricklefs 2008)and itstheories thaarefilled with "messy detailsand
devoidof predictive powe(Mcintosh 1987; Lawton 1999)

Simultaneouslytwo distinct counterarguments gained momentum in the literature. The
first acknowledges thathile community ecologynay lack generalaws it assertsts relevance
by emphasizinghat theeffectivenes®f conservation approaches significardiyninisheswhen
the particularities of focal systems are deliberately disregai@iacberloff 2004) The second

L In his autobiographyEdward O Wilson [1994,Chapter 1Bnames this group of ecologists tiéarlboro Circle’,
referringtoMa ¢ Ar t h u r Boseat Makbers, Vatneontwhere theymetto discusgheirresearch agendasd
ongoing projects



acknowledgeshat community ecologynay belawlessbut is certainly notdevoid ofprinciples

( O6 Ha r aTha? i8,WwhBe)community ecologynay not possesgeneral lawsit can be made
predictivewhenapproackdfrom a"first principles perspectivewhich breaks dowrthe myriad

of mechanisms driving community dynamicgo a bearable number éfindamentahigh-level
processesalidated both theoretically and empiricaljroughgarden 2009; Vellend 2010; Marquet
et al. 2014)This understandingparkeda paradigm shift in community ecologd:synthetic and
generatheoryfor community ecologghould nobe basedn searching for universal correlational
patterns among variables but rather on identifying the fundamental processes undeelstng
patterns

Numerous studies hawamed to identify the universal processes goverg communities
and, consequentlhgontribute tothe development o synthetic theoryfor community ecology
(e.g.,Hutchinson 1959; Diamond 1975; Chesson 1985; Belyea and Lancaster 1999; Chase and
Myers 2011)Arguably, the mostomprehensivattemptproposes thatlamechanismsnderlying
community size and compositiotan becategorized intdour broad fundamentabigh-level
processesselection, ecological drift, dispersaind speciation(Vellend 2010, 2018)Selection
encompasseall mechanismsn which speciesharacteristics (traitshteract with abiotic and
biotic conditions to determine theomposition of local communities.lt includes species
environment sortig, competitive exclusionand storage effect&cological drift refers to the
influence of demographic events (e.g., birth, death, immigration, emigration) that occur at random
with respect to species characteristics (including their identities) on governing the structure of
communitiegVellend et al. 2014)Examples of mechanisswunder ecological drift areegional
sampling effectdKraft et al. 2011)and demographic stochasticifghoemaker et al. 20dD
Dispersalis the unidirectional movement of individuals from one location to another (Jacobson
and Pere#\Neto 2010)pr from one moment in tinte anothemomentin the futurge.g., dormancy,
Buoro and Carlson 2014Dispersal is a process that results frplastic behavioral decisions
involving ani n d i v idepartare, dnevement, and settlem¢@tobert et al. 2012)Lastly,
speciation operates darge biogeographic spatiotemporal scales and influences the size and
compositionof communities by its influence on the size and composition ofetipenalpool of
species availabl®r colonization (see moren different definitions of species podislow)

Sortingmechanismto thesefour norrmutually exclusive fundamentptocessesnabled
community ecology tanove from "either/ot debateghathave been recycled in maimstances
throughits history(Levins and Lewontin 1980p a consensus that these processes collectively
shape the assembly of ecological communities, each with its unique degree of infllence
envelope otheories, modelsandconceptan community ecologyhatcan be organizedround
thesefour fundamental processdss beennamed”"The heory of ecological communities
(Vellend 2018) However,here | will refer to it as' community assemblyheory' to emphasize
its primary focuson inferring the relative importance gbrocesseghrough which species from a
broader poobf potential colonizerform horizontal communities (i.ecommunitiesconsistingof
a single trophic levebut segGuzman et al. 2013t finer scale$Weiher et al. 2011) argue that



thisterminologybetter delineatethe body of theorieand models in community ecologjyatfall
within and outof the scope ofhis thesis Notable &amples of models and theoriesplicitly and
implicitly encompassed in this thegigludemoderncoexistence theorfChesson 1985; Barabas
et al. 2018) metacommunity theorflLeibold and Chase 2018ndislandbiogeography theory
(Macarthur and Wilson 196,/among othergConverselypertinent theories in community ecology
tha lie outside the boundaries olir definition of "community assembly theory" will not be
covered in this thesigEExamplesinclude metabolic theory(Brown et al. 2004) biodiversity
function relationship¢reviewed invan der Plas 2019andecological stoichiometry theoKe.g.,
Moe et al. 2005)to name a few

1. @dmmunity asseambft yynegte@aofi ga mewo r K

"Since all models are wrong, the scientiannot obtain dcorrect
one by excessive elaboratiddn the contrary, following Willien of
Occam, he should seek an economical description of natural
phenomend (Box 1976)

Community assembly theory is inherently contingemianing thatits predictions
regardingcommunity assemblgrevalid only within specificecologicalconditions(Lawton 1999;
Catford et al. 2021; Kolasa et al. 202B)edictionsstemmingfrom the contingentframeworkof
community assembltheorycan beexpressedhrough the followingparsimoniouserbalmodet

"If conditionsA and B hold, then theelative importance ofprocessX in shaping community
structureis Y."

In this contextA andB representhe stags of studyspecificecological conditions and predictors
(e.g., environmental tyjgg while X is theassembly process under investigation, dndrresponds
to theestimatedelative importance ahis assemblyprocesslerivedthroughmultivariatemodels
and variation partitioningor example

Despite its contingemature, community assembly theamstains itsheuristicvalue by
organizing the multitudef mechanisms thatan beinvoked to represerX (e.g., competition,
speciesenvironment sorting, demographic stochastj@mplingeffectg into amanageable set
of universal and nomutually exclusivehigh-level processes (i.e., selection, dispersal, drift, and
speciation).This reduction in the dimensionality of éan fostea common ground upon which
community ecologistsould reframesystemspecificdiscoverieswithin a unified frameworkfor
studying the structureof ecological communitief/ellend 2018)

By applying a similar rationale, we can enhance the heuristic value of community assembly
by proposinga reduced numbeof generalecologicalconditions(i.e., the "As" and"Bs" in the
verbal model abovethat dictate the relative importancef different assembly processes.
Candidatego represensuch conditions mugiossess a degree @éneraity that allows for their

3



recognitionacross studiemvestigatingdifferent biotic systemsandshouldbe readily adaptable
within the framevork of community assembly theoriBased on tbsecriteria, threenoteworthy
potentialindicators ofsuchecological conditionemergdn theliterature (i) the scale (spatial and
temporal extent andesolutior) at which community assembly is studiadd its processes are
measuredLevin 1992; Chave 2013fii) thecharacteristics ahelandscapswhere the assembly
process takes pla¢PeresNeto et al. 2012; Bavassada et al. 2014; Fournier et al. 2017, 2020)

and (i) the characteristics of the species pool from which ecological communities are assembled

(Taylor et al. 1990; Lessard et al. 2@1Zobel 2016)

Thespatialand tempora¢xtent andesolutionat which onestudiesecological communities

ultimately determineso n ecépscity to detect the signal of assembly processes on community

composition dataThis is because it definethe variationin the dependent and independent
variables considered in ecologicahnalyses(Levin 1992) For instance,at broaderspatial
extensions,sampling encompass greater environmental heterogeneiéynd consequently,
increaseshe signal okelectiorthroughspeciesenvironmenbn community assembliana and

Chase 2019)Conversely, at smaller scales, less habitat heterogeneity is encompassed by sampling

and, consequently, the contribution of stochastic e\{entdogical driftin underlyingcommunity
variationincreaseqChase 2014)The critical roleof scalein modulating our inferences about
communityassembly has beewell recognzed andextensivelystudiedfor decadege.g.,Wiens
1989; ONeill et al. 1996; Viana and Chase 201Bjerefore for the rest of tts thesis,| will not
extend our discussion on the role of scale as a modéiratoa factordeterminingthe importance
of assembly mechanisin®f community assembly. Instead,will focus on expandingour
understandingof how landscape attributes and characteristids species pools influence
community assembly

It is important teemphasizéhatl acknowledgeheinherentcovariation between scale and
species pool attributes (e.the species pool sizis boundto increase with area) anlde existing
relationshigbetweerscale and landscape characteristics (avg@rageonnectivity among habitat
patches decays witbpatial extelt Consequentlythe theoretical and empirical examples used
througlout this thesis share the fundamental assumgptiaihthe sampling scaleppropriately
addresse the ecological questions under investigation. Thétésscale of sampling designs here
is comparable and sufficiemd demonstratehe individua) interactive,and combined effectsof
species pools ardndscapdeatureson community assemhly

1.T3he -dtooyn copecoksvoofeosnimuas $gmbl vy

"The decrease in specidensity with increasing habitat fertility

l evel in temperate regions [ é]
increase in the intensity of competition, but of a general decrease
in the size of the pool of species that are suited or adapted to
increasingly speialized (i.e, more fertile) habitat condition’.

(Taylor et al, 1990)

4
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Species pools are broadly defined asgpecieghat can potentiallgolonize agroup of
habitat patches (Cornell and Harrison 2014While it is difficult to trace back th¢éheoretical
origins of this concept, we see it implied in the work of early plant ecologiststigating the
relationshipbetween local and regiondathnessof desert plantge.g., Spalding 1909p. 215).
Nonethelessthe understanding thatharacteristics o$pecies poal(e.g.,richnesscompaosition,
and dominantlife history traits of its member specigsan explain observedspatiotemporal
variationin ecological patternkas beeriormalizedunderthe "species pool hypothesigTaylor
et al. 1990; Partel et al. 1996; Zobel 2018his hypothesisposits that the number of species
found locally undedifferent ecological conditions is determined by the number of species adapted
to such conditions in the regional poBbr instance, supposeparticula biogeographic region
wheremost species in the regional pool have evolved to perform better undesrbayrctivity
levels As such, if a group of communities is distributed alopgaaluctivity gradientecological
selection through speciemvironment sorting would give rise to a positive relationship between
community richness and productivitfConvergly, a negative relationship is expected in
biogeographic regions where species have evolved to perform better ungevdomstivity levels
The species podiypothesishasbeen invoked to explain why the relationship between richness
andecological gradients (e.garoductivity) change directionis different parts of thglobe(Zobel
et al. 2011)Following the same rationalescent developmenextendedhe hypothesit explain
how biogeographiwariation intheevolutionaryand historical processes that have determined the
characteristic®f regionalpools canunderly broadscalevariation in the relative importance of
different assemblprocesss(Lessard et al. 201.

The species pool hypothesasd itsrecent analogsnply the existencef a "top-down’
control on communityassembly. In this casespecies pool characteristi¢size, dominant life
histories, composition, etcwhich are componengs a larger scale than local communitteskle
down to influence th@nportance ofassemblyprocessesperating withinlocal communitiesin
contrast these withincommunity processeasave little influence omthe characteristics of species
pools.The existence of a te@gown control is at the core tife secallediMainlandisland modelg
for community assemblye.g., MacArthur and Wilson 1967¢r Keddys filter model (1992),
which represent species pools as being decoupled from local commiDepéaging species pools
as being external to local communities is more than a stylish decision; it implies the assumption
that species pools are little influenced by withommunity mechanisms operating at fine
spatiotemporal scales, serving as an eglemservoir of species thateshaped by evolutionary
and historical mechanisms operating at brepdtiotemporakcales.As such,this "top-down
control" perspectivéinks spatialvariation in themportance of assembly processebroadscale

AiTedpwn control o is ¢ ommocanswnersionthé abendance and didtribution ofnt r ol o f
resources. In theontext of this thesjst is defined as theffects ofspecies poolsharacteristicen the membership
of local communities



variation in theevolutionary and historical mechanisms that have uniquely sttapesize and
composition obpecies podKraft et al. 2011; Lessard et al. 2@1201D; Carstensen et al. 2013)

A large body of empirical and theoretical evidence supploetsxistence ospecies poel
mediatedop-downcontrolovercommunity assemblfFukami 2004; Kraft et al. 2011; Lessard et
al. 2012; Karger et al. 2015)heoretical studiesbserve the existence of such control mtey
manipulate theharacteristics ofimulatedspecies pooland observehiftsin diversity patterns
(e.g.,Thompson et al. 202@ndthe importance of different assembly procegses., Gravel et
al. 2006; Ovaskainen et al. 201%or instance, by manipulatinthe degree ofecological
specialization and disperspfopensityof species in the regional poane cancreate distinct
community assembly archetyp@sg.,Sokol et al. 2020)

In empirical studiessupportfor the topdown controlperspectivdbecomesevidentwhen
onerelies ondistinct mechanisbased operational definitions of species pobés, the set of
species considered in ecological analysesjetd different hypothes about the mechanisms
determining the composition gpecies assemblagésg.,PeresNeto et al. 2001; Lessard et al.
2016; Braga et al. 2023pifferent operational definitions of species pooépresent distinct
hypotheses regarding tpeocessesltering the pool into a subset of species that canamur (not
necessarily coexisgcrosdocal communities.These distinct hypotheses dhentested through
null modelsto assesshow observedcommunity compositiordeviates from what would be
expected irtheabsence athespecificmechanisnunder investigationrhe outcomeof suchnull
models can be understood as the operationalization ohyptthess in inferentialstatistical
analyses.Therefore by contrasting the results of null modelgainst observed data, one can
explore howdifferent mechanisabased definitions of species poelscidate the rolef different
assemblyprocessem filtering species fronthe regional poaito local communitiegPeresNeto
et al. 2001; Lessard et al. 2011 2016)

1.T4dhe bogtoomd @ln dedcvagprersmuni ty assembly

"The pace of ecological change will be determined by complex
processes of ecological succession influenced by landscape
position, topography, climat¢, é &nd furthergeophysical forces

The current volcanic activity at Mount St Helens attests to its
dynami ¢ c h tandiorent and soil Iéghcies of the 1980
eruption will influence ecological processes for centuries to €ome
(Dale et al. 2005)

Therecognitionthat the relative importance differentassemblyprocessess contingent
uponthe characteristics of tHandscapde.g.,spatiotemporal variation iphysical connectivity,
environmental autocorrelatiomnd environmental heterogenejtyvhere community dynamics
unfold has been formalized numerous distindtypotheseg¢seesummary table | ifscharntke et
al. 2012) These hypothese®nverge irthe prediction that landscape characterishcslulate the
costs and riskef species movementhe probability andoutcomes of biotic interactionand the
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importance of demographic stochasticity throtlugirinfluence on effective population sizesge
Tscharntke et al. 2012&nd references withjn These hypotheses implyhat landscape
characteristics impose"aottomup control on the relative importance of assembly mechanisms.

Supporting evidence for landscapediated bottorup control in community assembly
can be found irempirical studies andheoreticalmodels For instanceyesearchin floodplain
ecosystemshas demonstratethat seasonafluctuation in the areaof temporary pondsan
significantly alterthe rate of dispersal among patches, the frequenaptefactionsamong
consumers, and thele of competition fodimiting resourcs (Fernandes et al. 2013, FitzGerald
et al. 2017)Moreover,the temporalvariation in the relative importance of assempigcesses
caused byseasonal variatiain landscape topology and environmental conditiorormmonly
reportel in the literaturgTonkin et al. 2017; Holyoak et al. 2020; Li et al. 20ZR)eoretical
studies have also illustrated the existenceof a landscapemediated bottomup control on
community assemblyin thesestudies the heterogeneityspatial distribution of environmental
conditions and connectivityf landscapeare commonly manipulatexs a way tanvestigate how
they affect coexistencepatterns,the dominance oflispersalstrategies and the influence of
demographic stochasticion community dynamid®.g.,Buchi et al. 2009; Biichi and Vuilleumier
2012; Fournier et al. 2016; Marco Palamara et al. 2023)

1.15nt e glratth ntgyopnetsb eottft er wmodenunt aryd assembl y

""[ é [Future research should examine how landscape composition
and configuration affect fragmenbmmunity dynamics and species
pools, which components diie species pools are then locally
represented in different habitat types, and how the composition and
configuration of habitat types in turn can feed back to determine the
regional species podl(Tscharntke et al. 20)2

One might beinclined toview top-down and bottorup controls of community assembly
as mutually exclusivédorms of regulationand question which type of control holds greater
relevance innfluencing community dynamicsindeed it is not urcommon to encountesuch
dichotomouwiewpointsin the history of community ecolodizevins and Lewontin 1980; Graham
and Dayton 2002However, this thesis goes beyond this either/or debatseskdo demonstrate
that a comprehensive understanding of community assemelslyssitatesecognizingthat both
formsof controlhavea mutualinfluenceontheimportance of assembly processes.

To achievethat | will rely on the conceptual framework ofetacommunity ecologya
subbranch of assembly theattyat studiesthe dynamics ofocal communities interconnected
through the dispersal of potentially interacting speciesmetacommunity ecologyandscapes
transcend the mergixtaposition of local communities in spadbey shapemetacommunity
dynamics bylimiting species movemerdnd governingcoexistenceacrosslocal and regional
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scales(Mouquet et al. 2013; Li et al. 2023)loreover,metacommunitytheoryrevolvesaround
archetypes representingecurring patterns or types of interactions and dynamics within
metacommunitigsnamelyspecies sorting, masdfects, patch dynamicand neutra(Leibold et

al. 2004; Cottenie 2005; Brown et al. 201But see Leibold and Chas2018. These
metacommunity archetypeassumethat metacommuryt dynamics arise from ecological
differentiation competitive hierarchies, anariation inspecies' dispersal abigsin theregional
pool (Thompson et al. 2020As a resultthe conceptudioundationof metacommunity ecology
seamlessharticulatesthe influence okpecies poeimediatedtop-down andlandscapemediated
bottomup controls of community assembiythin acohesiveframework

Metacommunity ecologyasinitialy conceptualizeds a spatially-orientedframework
for exploringthe underlyingcauses of spatial variation gpecies distributiochand community
composition(Leibold et al. 2004; Cottenie 2005; Winegardner et al. 20lByever, recent
developmentsfostered by empirical and theoretical researchdemonstraté that studying
metacommunitiefom both spatial and temporpérspectivegnhancesur ability to estimatehe
relativeimportance ofdifferent assembly process (Holyoak et al. 2020; Guzman et al. 2022)
Embracinganintegrativespatiotemporal approach tiwe study of metacommunitiefacilitates tte
development of conceptual mod#iatincorporatedop-down and bottorup community assembly
controlsin at leastwo different waygsee Figure 1.1 fomdllustrative conceptual representation).
Firstly, integrative spatiotemporal approaclwessiderthe spatial and temporal dimensions of
species' life histories, their responses to environmental gradretitse and space, anihe
temporal fluctuations in landscape topologyand connectivity Consequently,integrative
spatiotemporal metacommunity modéisprove inferences about the importance of processes
driving community variatiofWisnoski et al. 2019; Record et al. 2021; Guzman et al. 2022; Li et
al. 2023) Secondly unlike traditional mainlandsland modelsvhere species pools are decodple
from local communitiesspecies poolg spatiotemporal metacommunityodelsaredynamic at
fine spatiotemporal scaleiie tobiotic interactions, habitat selectioand spatial dispersaland
temporal dispersalhrough dormancyWisnoski et al. 2019) Consequently, spatiotemporal
metacommunity models seamlessly acknowledge the existenaefe#dback loopn which
dynamicswithin and betweetocal communites scale up tanducechanges irthe regional pool
forming metacommunitieswhile the dominant characteristics of species in thetacommunity
pool ultimately influence community dynamicéMittelbach and Schemske 2015; Lamy et al.
2021,

3 |t should be noted that species pools in mainiatahd models (described above) and metacommunity models are not mutually
exclusive (Fukami 2015) instead, they are nested and connected through spatial (long and short distance) and temporal dispersal
(e.g., dormancy, diapause) eve(dee figure 1.1 foa conceptual illustration)See Chapter 3 for a-tepth discussion about
operational definitions of species pools and their implied assumptions.



In this thesis] draw uponempirical and theoreticalpatiotemporaimetacommunitie$o
demonstratehe significanceof acknowledgingthe mutual impactof top-down and bottorup
controlson community assemhlyoreprecisely | aimto expand ouunderstandingf the spatial
and temporal variatiain metacommunitypatterns and thenderlyingfundamental process#sat
drivethese variationslt is important to note that while the chapters in this thesis can be viewed as
independent studies with the&wn concepts, questions, and objectives, they collectively propose
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and evaluate causal relationships between species pool characteristics, landscape attributes, the
relative importance of assembly mechanisms, and the overall structure of metacommunities.



Furthermorewhile | acknowledge that speciation is a critical prodessommunity assembly
investigating how bottorap and topdown contrds influence its relative importance on
community composition iseyondhe scope of this thedisut seaNebb et al. 2002; Hughes 2017;
Rahbek et al. 201Beibold et al. 2022)nstead, explorethe effects oboth types of controlen
modulating the processes linking "contemporary" regional species pools to local diversity and
vice-versa.

1. @Ghapters Ovearnvdi eNo, \Ret Isrigya rcat th

1. €&€&hkapaRat er mi ni sm and stidehmpotriadi tcy nitn ntuluen o
communities: the case of tropical mountains

"l ého other experimental system oOde
power of elevational gradieragKérner 2000)

Chapter2 servedo introducethe perspective thatell-informed predictionsegardingthe
processedriving communityvariation in space and tingouldaccount fothe mutual influence
of top-down and bottorup controlson community assemblfsee graphical abstract in Figure 1.2)
The narrativeadopted in thichapter is based on the rationale tivatle similar processes may
influence community compositioim both space and timgere,ecological selection and drift)
their relativeinfluencesmay differ between tlse two dimensions(e.g., Stegen et al. 2013;
Freestone and Inouye 2015; Van Allen et al. 2018 such, in this chapter we asnder what
ecological conditions should the mechanisinsing community assembly differ in space and
time? To answer this question,eproposed a conceptual framework that predibinges irthe
relative importance of ecological selection and drift in space and twhen the following
conditions are meti) species pools agominated byecological specialists that respond strongly
to environmental variatigr(ii) the landscape is characterized bpranouncedasymmetry irthe
steepnessef environmentabariationin space and timé3oth conditions are commonly observed
in tropical mountainous landscap@shalambor 2006)Despitecovering only about 25% of the
land surfacemountainsare hometo onethird of global species diversitfKorner and Paulsen
2004) Thus,investigating thelynamics of ecological communities in tropical mountdosiers
insightsinto communityassemblyunderthe ecological contexdxperienced by wastportion of
currentbiodiversity.

To test these predictionge started byntroducinga general analytical framework that
capitalizes upon previous work (Legendre and De Céaceres 2013, Legendre 2014) to partition the
total variationof a speciedy-site-by-time matrix (i.e, total betadiversity; sites here representing
patches or local communities in a given point in jilm@ong its purely spatial (variation in space
independent of time), purely temporal (variation in time independent of space) and spatiotemporal
(i.e. variation across different sites across different moments in time) components. Through this
framework,one canasses$iow betadiversity is partitioned in space and tinand estimatethe
relative importance of deterministic versus stochastic mechaaismss dimensions
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Using simple simulation models that replicated in silico the dtinods described above
we provide theoretical support for our analytical framework is robust to assessliffersmces
in the relative importance of assembly mechanisms across dimen$ioeis we provided
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empirical support foour predictionsby investigatingpatternsin the spatiotemporal distribution
of distinct insectmetacommunities a tropical mountainous landscape

Two importantinsights were gained from this study. Filgt it provides compelling
evidence thatelying solely on unidimensional assessments of metacommumgg$imit our
ability to improve ourunderstanihg of their dynamicsThis limitation arises from the fact thiat
different mechanisms govern community assembly in space and time, the classification of
metacommunities int@rchetypalmodelsbased solely on spatial dynamiissinsufficient to
improve oumunderstanding of community assem{@lyhite et al. 2010; Wisnoski et al. 2019; Jabot
et al. 2020) Secontly, our modeland empirical resultsintroduce the idedhat the relative
importance of assembly mechanisimageson where the assembly processcurs (i.e., the
landscape) and trdominant traitghere,degree otlimatic specializatiopobserved ithegroups
of specieghat coexist regiorly. Framng the latter under the context of this thes@mmunity
assemblys under a landscapaediated bottorup control and a species paukdiated togdown
control.

1. &€hap3tTere geography of metacommunigaccgr adhind :
variation in the assembly process through sel

"l ] two exact pools of species may
coexistence based on different levels of landscape heterogéneity
(PeresNeto et al. 2012)

Chapter3 expandssome of the ideaslaboratedin Chapter2 by acknowledgingthe
dominant lifehistory strategies observed in species pools that for@acommunities are
inherently influenced by the characteristics of landscapes where the assembly process takes place
(Buchi and Vuilleumier 2014; Fournier et al. 2020)Ve arguethat acknowledging this nen
randomassociation between landscapes and species goakevantbecause it determines the
geographic context of metacommunity dynamics: i.€lrivies predictable variation in the relative
importanceof mechanisms that assemble different metacommunities distributed alongsbatad
ecological graknts or across (bio)geographic regions

Toillustratethat, we employed simulation modetswhich species pools witanidentical
initial distribution of niche breadths and dispersal abilities interaatigin landscapes with
contrastingfeatures(Figure 1.3) At the end of each simulation interactjome assessedhich
types oflife history traitsdominatedeach landscape ig. Subsequently, we employed analytical
approaches commoniysedin the study of empirical metacommunitiesrigestigate the resulting
(simulated) metacommunitie8y establishing thecausallinks between landscape attributes,
species pool characteristics, and associated inferences about community assembly derived from
statistical modelghis chaptegeneratsinsights into why broadcale empirical studies frequently
observe (bio)geographic variation in metacommunity dynamics
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We provided empirical support for some of the theoretical predictions derived from our
simulation modelby analyzng moth metacommunities in a tropical and a temperate mountainous
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landscape that show distinct patterns sgfatiotemporalenvironmental heterogeneitgnd,
consequently, distinct species pool characteristics

Chapter3 makes two significant contributions. Firstly, it showcasies capacity of
processhased simulationdesigned to studgnetacommunitydynamicsat the landscape scéle
replicate fundamental patterns undeying important hypotheses inBiogeography and
Macroecology. Secondly, the chapteffers testablepredictions that form the basis for
understandinghe variation in geographic patternsbserved incommunity assembly. These
predictions offer a valuabl®undationfor subsequenempiricalstudies enabling researchers to
understand the ecological causes of variation in the relative importance of assembly processes
across different geographic contexts.

1.38Chapaer Ecol ogi cal selection of di sper sal
| andscape features and competitive dynamics

"[ é Dispersal can producecological patterns, but these patterns
canagain influence the selective pressures on dispetsiits. Only
by closing this loop, that is, by realiziibat dispersal can at the
same time act as both cause and an effect, will we get the full
picture ofthe ecologyand evolutionof dispersal. (Clobertet al.
2012)

Chapter2 and3 investigate how bottomup and topdowncontrols determine the relative
importance of assembfyrocessedn Chapter4, our attention shifts to the intriguing question of
how both types of controlsanmodulate the influence @fcologicalselection orspecieslispersal
(see graphical abstract in Figure 1.#he inspiration for this chrier comes from the growing
body of empirical evidence indicating that dispersah besimultaneously a cause and a
consequence of metacommunity dynanfesg.,De Meester et al. 2015; Fronhofer et al. 2018)
More specifically,we tested whethemetacommunity dynamics, a direct consequencboaf
species in regional pools interact with each otherthadeatures of thesurrounding landscape,
select fordifferent contextdependent dispersatrategieghat can maximizespeciegersistence
and dominance in thmetacommunity

To investigate that, wemployedsimulationmodelsthat assumespeciesspecific context
dependentdjustmentsn decisions involving the timing to leave natal patches (i.e., emigration
propensity), traveling distances (i.e., traversal), and the selection of a suitable new patch to
settlement (i.e., habitat selection). This sequence of decisions detetimnéree stages of
dispersal eventgleparture, movement, and settlemesgnguClobert et al. 2009)We allowed
species with distinct contextdependent dispersal strategiés reach coexistence at the
metacommunityregional)scale under different types of competition dynamics and under varying
levels of spatial and temporal environmental variabilgy analyzingthe contextddependent
dispersal strategiesf the species that successfully persisted and dominated within these
metacommunitieswe could formulate wellinformed predictions about how metacommunity
dynamicsinfluence the success of different dispersal strate§iés finish by contrastinghe
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the effects of species interactions and landscape attributispmrsal strategies.

In addition to expanding updhe ideas developed @hapter3 regardingthe influence of
landscape attributesn the dominant lifehistory strategies ispecies poolChapter4 integrates
speciesspecific contextlependent dispersal strategies, a phenomextensively studied in
movement and dispersal ecology, into the basis of community assembly fhigisrintegration
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is particularly relevant because greaterunderstanding of the impacts of global change on
biodiversity hinges oa better understanding thfe forces that govern species dispefsaban et
al. 2016)

1.46ChapiferddJmvet hagtrajectories of met acommuni t
keystone community concept

"[ é binderstanding the ecological mechanisms underpinning why
change in beta diversity is more pronounced in some areas and less
so (or absent) in others provides opportunities for ecologists and
managers to identify specific spatial units that may serve as
priorities for monitoring[ € Jand conservation interventiotls
(Rolls et al, 2028

Finally, Chapter5 illustrates how considering the botteup and topdown controlsof
community assemblycan aidin developing and implementingffective conservation and
management strategi€see graphical abstract fFigure 1.5) In this chapterwe arguethat
effective plans to manageand protectmetacommuniés must acknowledgethat their local
communitieglay different rolesn shaping their internatructure(Mouquet et al. 2013; Yang et
al. 2020) When extirpated or disturbed, soeeal communitiesmay trigger strong cascading
secondary effects aextinction and colonization pattegndtimately driing temporal changes in
the structure of the remaining communitiegmetacommunit. However,identifying "keystone
communitie§ (sensuMouquet et al. 2013pnd understanding theconditions that make a
communityhave (or notpkeystoneole at the metacommunitgvel remainchallenging

In Chapter5, we introdue a novel quantitative framework designedto estimatethe
importance ofany given localcommuniy in maintainng the internal structureof their
metacommunities over time (i.egferred here asommunity fikeystonenesy. The proposed
framework can be implementelitectly on empiricaldata on species distributi®sandgenerates
estimates of keystoneness that are statistically independent of local diversity and community size
(i.e., akin to the sampling effects of biodiversity in which richer local communities are expected,
by chance, to have greater importance to metacommunity structure).

Through simulation modelsve demonstratehat the characteristics dfabitat patches
(suitability and connectivitydeterminng the keystoneness of ecological communities change
predictably with thedispersal ability and degree of ecological specializatiah@$pecies in the
regional pod. Understandingthe links between species dispersal ability, ecological
specialization, anthefeaturesof habitatpatcheshatsupportkeystonecommunitieshouldenable
us to formulate more effectiatrategies fopreserving and conservimgtiremetacommunities.

To showcasdhe added depth ouproposedanalytical frameworkbrings tounderstanding the
effectsof anthropogenic stressors on metacommunitesemployedit to examinehow light
pollution impactsthe structure of anoth metacommunityThis metacommunitys situatedin a
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protected mountainous landscape surroundedrbgnsettiements and, consequentipder the
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direct andindirect (in the form of artificial skyglowjnfluence of light pollution We provide
correlational evidencsuggestinghat, despite being in a protected arge structureof this moth
metacommunit is strongly affectedby light pollution from surrounding sources. More
specifically, our findings indicate a positive correlation betwbght pollutionandlocal diversity
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yet a negative correlan with the keystoneness degree lo€al communities This finding
exemplifies how the proposed framework can provide valuable insights into the conservation value
of local communities insituationswhere theeffects of anthropogenic stressors on dispersal
diminish the reliability oflocal diversityas anindicator of habitat suitabilityFurthermore, tese

results emphasize the importance of considenregrics beyondlocal richnessto assesghe
conservation value of local commuaes.
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Chapt@®retZzrminism and St o etheansptoircailt
continuum of ecologi cal comn®nitie

2 Albstract

Ecological communities are assembled in a spaialporal continuum. However, we still
have a poor understanding of the relative importancalifdérent mechanisms structuring
community composition (i.e., bethiversity) in space and time. In this study, we start by
introducing a conceptual model that capitalizes upon theam@sional species concept to predict
that the assembly process ingical mountains is driven by the deterministic turnover of core
species in space via habitat sorting, but the turnover of occasional species through time via
stochastic events of colonization and local extinctions. We then propose a general analytical
framework that allows assessing these predictions by partitioning the total variance of a species
by-site-by-time matrix (i.e., total betdiversity) among its purely spatial (variation in space
independent of time), purely temporal (variation in time inddpanhof space), and spatiotemporal
(i.e., variation across different sites across different moments in time) components. Through
simulation models, we provided theoretical support that the proposed analytical framework is
suitable to test the predictionsridved from our conceptual model. We then used this framework
to identify general patterns and quantify the relative importance of processes underlying the spatial
and temporal organization of ten distinct insect metacommunities along a tropical elévationa
gradientAs predicted, we found that, across taxa, spatiatdigtasity was mainly explained by
environmental variation alone: a pattern that indicates the spatial turnover of core species. In
contrast, temporal betdiversity could not be distinguisd from the expectation of null models
where communities are simply represented by random draws from species pools: a pattern that
indicates a temporal turnover of occasional species within communities. Taken together, our
findings illustrate how our conpeual model and quantitative framework can articulate a better
understanding of community assembly in space and time.

2. 12ntroducti on

Community assembly theory focuses on the processes through which species from a large
regional pool come together to form assemblages at smaller §éakasni 2015; Mittelbach and
Schemske 2015; Vellend 2018arly conceptual models argued that the assembly process in
space and time should be underpinned by analogous ecological mech@resstean 1960)This

4 Adopting theterminology of Chase and Myers (2Q1herewe refer to the influences of selection and ecological
drift in community assembly as deterministic and stochastic mechanisms, respectively.

5Khattar, G., Macedo, M.Monteiro, R.,PeresNeto, P.R. (2021) Determinism and stochasticity in the spatial
temporal continuum of ecological communities: the case of tropical mountains. Ecography, 44940391
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argument aligns with recent attempts to synthesize the "overwhelming" number of (setsts
Lawton 1999)that may determine the size and composition of ecological commuf(etigs
Vellend 2010, 2018, Chase and Myers 20T¥gspite the many possible mechanisms underlying
spatiotemporal changes in the composition of contemporary communities (i.e., not considering
speciation), they can be sorted into two broad classessChase and Myers 2011).
Deterministic mechanisms drive dynamics in community structure due to differences in species
fithess often related to differences in traits and environmental niches (e.g., red@iesament
sorting and biotic interactions). Stadiic mechanisms are those that dictate variation in
community structure that occur at random with respect to species identities, niche components,
and life history characteristi¢¥ellend et al. 2014)Common examples of stochastic mechanisms
are demographic stochasticiddler and Levine 2007; Orrock and Watling 2010; Shoemaker et
al. 202@) and the stochastic recruitment of individuals from regional pools into local communities
(i.e., sampling effectXraft et al. 2011, Tucker et al. 201@long with dispersal, deterministic

and stochastic mechanisms simultaneously shape community structure in space @labotret

al. 2020)

While the assumption that deterministic and stochastic mechanisms underly the structure
of communities is conceptually reasonable, we should not readily assume that their relative
importance within metacommunities is the same in space and time. Strasigcatahteractions
between spatial and temporal variation in species abundances/occurrences suggest that the relative
importance of mechanisms driving community assembly in one dimension (e.g., space) may differ
from their relative importance in the oth{ee., time; e.g.Collins and Glenn 1991, Legendre et al.

2010, Ward et al. 20)5However, very few studies have assessed and contrasted the relative
importance of deterministic and stochastic mechanisms in underlying the assembly process in both
dimensions(e.g., Stegen et al. 2013, Freestone and Inouye 2015, Van Allen et al. 2017)
Consequently, we still poorly understand: (i) the conditions under which the mechanisms driving
community assembly within metacommunities should differ in space and time, and; (ii) how these
differences influence the way in which changes in communityposition are partitioned in space

and time. Such understanding is relevant because it paves the way for synthesis that aims at
extending the framework of community assembly theory beyond its traditional spatiaftyed
scope(e.g., White et al. 2010, Wisnoski et al. 2019)

In this context, the main contribution of the present study is twofold. First, we introduce a
conceptual model that describes the conditions under which the relative importance of
deterministic and stochastic mechanisms should differ in space and tinremétfacommunities.
Second, we introduce a general analytical framework that capitalizes upon previougeerk
Legendre and De Céaceres 2013, Legendre 201gBrtition the total variance of a speeiBssite-
by-time matrix (i.e., total betdiversity) among its purely spatial (variation in space independent
of time), purely temporal (variation in time independent of space), and spatiotemporal (i.e.,
variaion across different sites across different moments in time) components. Through this
framework the relative importance of deterministic versus stochastic mechanisms can be estimated
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in space and time (see Methods). The conceptual model and the analytical framework are
summarized in Figre2.1.

Our conceptual model describes the assembly process at spatial and temporal scales where
the influence of speciation and dispersal limitation on-detersity is not relevant (e.g., along
short spatial and temporal gradients). It posits that the relatipertance of deterministic and
stochastic mechanisms will differ in space and time when two primary conditions are met. The
first condition is that not all species found in a given community at a specific moment in time are
in equilibrium with local habdt conditions. As such, local communities are composed of two
different types of species: core and occasi@aisuMagurran and Henderson 2003, Snell Taylor
et al. 2018, 2020)Core species are those whose environmental requirements match with local
habitat conditions and, consequently, can sustain viable local populations over time even in the
absence of immigratio(Coyle et al. 2013)Occasional species are then those poorly suited to
local habitat conditions and whose local occurrence/permanence depends more on the random
immigration of individuals from neighboring communities than on environmental matching
(White et al. 2010; Umafia et al. 201 5ee an extended discussion on the-oopasional species
framework in Supp. Information, Box |, and references within

Acknowledging the existence of core and occasional species within metacommunities is
relevant because their distributions in space and time are driven by distinct assembly mechanisms
(Belmaker 2009; Snell Taylor et al. 2018he diversity of core species across communities is
governed by deterministic mechanisms such as trait and/or environmental s¢léictaiia et al.

2017) In a variation partitioning frameworlsénsuBorcard et al. 1992, Perdieto et al. 2006)

the turnover of core species is represented by the amount of variation in the response community
matrix explained by environmental variation alone (see Supp. Information and Box | for proof of
concept). Conversely, the diversity of occasional speciessicoonmunities result from stochastic
events of colonization and local extinctions. Under a null model framework, the turnover of
occasional species generates fmbt@rsity patterns that equate to patterns underlying the
stochastic sampling of individuwafrom the regional species pool into local communities (i.e., see
Supp. Information and Box | for proof of concept).
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The second condition in which the relative importance of deterministic and stochastic
mechanisms will differ in space and time is that the steepness of environmental gradients must
differ between these two dimensions. This condition is relevant becaunseires that spatial and
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temporal betaliversities will estimate the turnover of either type of species across communities
and, consequently, will be explained by distinct assembly mechanisms. For instance, consider the
case of tropical mountainous landscapes, a ubiquitous and highly diverse system where
environmental conditions change faster in space than in time ( s@e Riy Ghalambor 2006,
Zuloaga and Kerr 2017)n these landscapes, our conceptual model predicts thadlietaity

along the steep spatial environmental gradient will be mainly explained by environmental
variation: a pattern that indicates the high spatial turnover of core species (i.e., edvation
specialists) across communities via speegronment sorting. In opposition, the shallow
environmental gradient in time allows the local persistence of core species. As such, temporal beta
diversity will estimate the turnover of occasional species®a by stochastic colonization and
extinction that generate diversity patterns similar to the ones expected under ecological null
models.

To test the predictions derived from our conceptual model, we used the proposed analytical
framework to assess and contrast the patterns underlying the spatial and temporal distribution of
10 functionally distinct groups of beetles and wasps along antieleabgradient in the Atlantic
Rainforest, South America. Through mechanistic simulations that reprodocsiico the
conditions proposed in our conceptual model, we provide theoretical support for our assumptions
that different mechanisms drive thertaver of core and occasional species and that our analytical
framework is robust to assess these differences (see Box | and Supp. Information). Even though
our simulations were not parametrized on the basis of empirical metacommunities, they yielded
resuls qualitatively similar to what was observed in the empirical data (see more Supp.
Information). These similarities indicate that our conceptual model serves as a proper
approximation of the complex dynamics dictating the spatiotemporal organization lof rea
metacommunities.

2 . Met hods

Sampling was carried out in the Serra dos Orgdos National Patk A2 7 Nj4 9 njS ;
4 3 A 0 1 \jBi® dg Waneiro, Brazil. The park is one of the most preserved remaining fragments
of the Atlantic RainforesfCastro 2018)one of the hottest hotspots of global biodiverf@ityers
et al. 2000) Along a complete elevational transect that ranges from 100 to 2130 meters above sea
level (MASL), two flight interception Malaise traps were placed every interval of approximately
150 MASL, summing up to 15 sampled elevations. The collecting bottlebf\dalaise trap was
replaced every month from December 2014 to November 2015, summing up to 360 samples (2
traps x 15 elevations x 12 months). A data logger was placed next to each pair of traps to record
hourly variation in climatic conditions (air tempéure and relative humidity) over the entire
sampling period. Insects captured in each sample were sorted at the species level by our team and
external collaborators (see acknowledgments). We focused our study on ten relativihowaell
families and sulamilies of beetles (Coleoptera) and wasps (Hymenoptera). Refer to Results and
Supp. Information for more information about the diversity and functional role of the selected
taxonomic groups.
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Box I: Distinct mechanisms dictate the distribution of core and occasional species withi
metacommunities

Here we make use of mechanistic simulation models to provide theoretical support f
assumptions that thernover of core and occasional species is driven by, respectively, determinis
stochastic mechanisms (as shown in empirical taBelmaker 2009, Coyle et al. 2013, Umafa et
2017) We used simulated rather than observational data to validate these assumptions because V
to ensure that species were correctly classified as either core or occasional community membe
assessment in empirical communities is a dauntingadadkis prone to errors when there is a lack
knowledge about the temporal occurrence, traits, and life history of species under consideration
case of most tropical insects). It is also prone to errors when it is made based on observiaicaaiplad
in highly heterogeneous landscapes at relatively fine temporal scales (i.e., as is the case ofsmar
extended discussions in Snell et al. 2018, 2088)such, instead of simply proposing a conjecture in
discussion of how communities are structured by differences in turnover dynamics of these two
species, we provide a demonstration based on a theoretical model (dSajtp.Information).

The data used to validate our assumptions was simulated using a spatially implicit metacon
model where population dynamics are discrete in time and were modeled according to a competit
of the BevertorHolt model of population growt{Beverton and Holt 1957)Dispersal is global (i.e., a
sites have equal probabilities of receivin
outcome of three sequential steps: (i) within patch dynamics (i.e., demographic stochasticity, ir
interspecificcompetition, and habitat selection); (i) emigration and; (iii) immigra{®hoemaker ang
Melbourne 2016) Metacommunity dynamics were modeled in a virtual landscape wherg
spatiotemporal structure of environmental conditions resembles the one observed in tropical slo
Figure2.1 and SuppinformationFig. 1). Population dynamics were carried across 15 different siteg
1200 time steps (each time step representing one month, i.e., 100 years in total). To ensure tha
were performed on stable rather than transient communities, only th2 taselsteps (i.e., the last yed
were considezd in the final speciegy-site-by-time matrix. By keeping track of each species' growth
in each site over time, we could discriminate which species were core and occasional members
community. More specifically, species whose averagetenggrowth rate through time was higher th
or equal to 1 were considered core members of the focal site, while the othersowsiteredas
Afoccasional 0O member s.

At the end of each of the 50 simulation rounds, we applied the analytical framework desci
this study (see Methods) to analyze the final spemyesite-by-time matrix (i.e., hereafter full matrix
On average, these analyzes yielded results that were qualitatively similar to the results obtaing
empirical data (e.g., compare the first panel of Box UFgd and Figure 2. 4 in the main text. Also, se
Supp.Information. This similarity indicates that our theoretical model serves as a pppesximation
of the complex dynamics dictating the spatiotemporal organization of the empirical metacomm
Finally, when analyzing simulated matrices in which either core or occasional species had been
from communities, we showed that detaristic speciesenvironment sorting mechanisms mair
explained the betdiversity of core species, and the bdigersity of occasional species was bet
explained by the stochastic allocation of species from the regional pool into local communitges
results support our initial assumption that the relative importance of distinct mechanisms d
community assembly is related to the turnover of different typgsesfiesvithin metacommunitiesThey
also indicate that our analytical framework can assess these differences properly.
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Box I: Distinct mechanisms dictate the distribution of core and occasional species with
metacommunities
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Figure BoxI Interaction plots showing the percentage of the total variation in the spatigl.{D@emporal
(BDrime), and spatiotemporal (Bfr) dimensions of the compositional dissimilarity matrix explained
environmental dissimilarities (Em, stochastic sampling effect@(- ) and their joint contribution (Joint)
Symbols represent the mean values obtained across all 50 simulation rounds. The panels represent
obtained when either core and occasional (i.e., Full matrix), only core species (middle), or only ak(rigon
panel) members of communities were considered in the proposed analytical framework. Distinct mec

explain the spatiotemporal distribution of core and occasional species in the metacommunity. Whiskers =
error of the mean.

We considered only the adults of the focal taxonomic groups in the final spgdiase-
by-site matrices (i.e., a total of 6996 individuals from 549 species across taxa). This is because
flight-interception traps such as Malaises, by definition, do riettfely capture individuals at
early ontogenetic stages (i.e., apterous larvae and pupae). Given that the age structure of many
insect populations in the region changes fast within short pgifitidse et al. 2009, 2015)here
is aninevitable decrease in the capacity of Malaise traps in detecting species in months when
populations are mainly composed of juvenile individuals. As sucljesiled to consider only
months with the highest activity of adults across all taxonomic groups (i.e., from December to
February and June to August). This allowed reducing the cases of false absences but did not affect
the completeness of sampling effoas(can be inferred by theesymptotic individuabased
rarefaction curves estimateaal fmost taxonomic groupsee Supp. Information). Additionally, this
decision did not alter the qualitative component of results as our analytical framework is robust in
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controlling for unequal sampling efforts in space and time when estimatinglitzetaity across
dimensions (see below and results of simulations presented in Supp. Information).

2. Partitiganiveg shetyai nto its spatial, tempor al
Betadiversity can be estimated as the total variance in a community compositional matrix

(hereafter BRyal, see Legendre and De Céaceres 20BB)otaican be calculated from a matrix of

pairwise dissimilaritie® as follows:

80 B B O7Fft: p (20

where n is the number of samples (local communities) anrdiDthe compositional
dissimilarity between theé" and j" communities measured using either (abunddrased)
SBrensends or Jaccar dséesmore indegéndré dnad Dei Gaceresc2018,f f i ¢
Legendre 2014)We used both coefficients, but we chose for no particular reason to report on
SBrensends as both yielded very similar resul

Local communities were represented by the individuals of all species of a given taxonomic
group sampled at a specific site (i.e., elevation) at a particular time (i.e., month). Given that each
local community has a location in space and time, we can fudeermine whether the
compositional dissimilarity between any pair of local communitiel is either purely spatial,
purely temporal, or spatiotemporal (Erg2.1). For instance, consider a focal communibcated
at elevation $in month T (repregented as |J1| as in Figre 2.1). The dissimilarity between
communitiesi and j (Dj) estimates spatial betaversity if j is located at |J1|; temporal beta
diversity ifj is at |ST2|; finally, it estimates spatiotemporal belizersity if j is at |ST2|.

We decomposedD into subsets of pairwise dissimilarities representing either
compositional differences in space alonepgR), time alone (l3ne), Or in space and time
simultaneously (Ishxt). From equatior2.1, we can further partition BExinto its purely spatial
(BDspatia), purely temporal (BRmpora), and spatiotemporal (Bd1) additive components as
follows:

60 60 50 60 (eq.2.2)

where

60 BO Tee p (eq.2.3)
600 BO 7*¢¢ p (eq.2.4)
00 BO 7T¢e¢e p (eq.2.5)

In Figure2.1, we depict an example where the number of entries in niatepresenting
Dspace Diime, and pxTis the saméi.e., two entries representing each dimensicepresenting a
balanced design. In this case, differences igpR®BDtime, and BRpxt can be directly contrasted
and will only reflect differences in the amount of variatioritia species matrirepresented by
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compositional dissimilarities in each dimension. However, if another site (g.dpadGalso been
surveyed in Tand T, the number of entries in matiixrepresenting Bace Dtime, and RpxrwWould

have been six, three, and six, respectively. In this case, rather than representing only differences
in compositional variation in each dimension, differences ig,BPBDtime, and Bspxrmay also

result from unbalances in the number of entrie® irepresenting each dimension. As such, to
fairly compare theontribution of each dimension to B in unbalanced designs, we must divide

the values obtained for BRce BDiime, and BDspxr by the number of entries iD representing,

Dspace Diime, and Dspxr, respectively. Even though these fractions do not sum up t@Bibey are

directly comparable and can be understood as the average contribution of each dimension to
BDwta. We used simple simulations to demonstrate that averaging effectively controls for
differences among Bdpace BDiime, and BDypxrthatresult solely from unbalances [ (see Supp.
Informationfor details). As such, our framework is suitable to analyze community data sampled
in different sites at different moments in time, and it allows one to contrast the contribution of each
dimension to total betdiversity even if there are differences imgding effort across dimensions.

2.2Decomposdingembeittay i nto its Turnover and Nes
Comparing the importance of nestedn@ss, ordered loss of species in a way that species

poor sites are a subset of species rich sited)turnove(i.e., the replacement of species among

communities) components across dimensions may provide additional insights into how

communities respond to environmental gradie(Bsiselga 2010) We can also adapt our

framework todecompose the pairwise dissimilarities [ninto their additive turnover and

nestedness components (see Legendre 2014 for detailed calculations) as:

600 60 00 (eq.26)

where
50 2 B B (€q.2.7)
50 ° B 8 (eq.2.8)

Using equation®.7 and2.8, one can assess the turnover and nestednesdivetsity
components in each dimension separately.

2.3Assessing the relative i mportance of enviro
across dimensions

We estimated the relative importance of deterministic and stochastic mechanisms in
structuring betaliversity in each dimension in two different ways. In the first approach, we used
null models to determine the pairwise dissimilarities expected valwesnimunity composition
were generated by random draws of individuals from the regional specigKpmiokt al. 2011)
By fixing the relative abundance of species in the regional pool and the local abundance of
communities across randomizations, these null models allowed generating communities in the
absence of spatiotemporal intraspecific aggregation as expected bynidstec species

27



environment relationship@yers et al. 2013; Engel et al. 2020Ye calculated a dissimilarity
matrix for each of 1000 random generated metacommuriitigs) that are used below to estimate
standardized effect sizes of pairs of entrieBdghce Diime, and Rpxt. TO infer therole of random
sampling in generating dissimilarity patterns in each dimension, we further estimated the
standardized effect size (SBf each pairwise dissimilarity. The SE®easures, in standard
deviation units, how much the observed pairwise dissimilarities between commuratids$
deviates from the null expectation. The $E&n be estimated as follows:

"YOY 0 O 7, (€q.2.9)

whereO W ¢ Qare the average and standard deviatid@ of , respectively. By estimating

the mean SESvalues considering all pairwise dissimilarities represeriggcs Diime, and Dspxt
separatelywe can infer and contrast the relative importance of deterministic versus stochastic
mechanisms underlying community assembly within each dimension. A meaw&@&Sclose to

0 indicates that the observed pairwise dissimilarities representingdiletaity in the focal
dimension are, on average, not different from what would be expected under stochastic sampling
alone. A mean SEShat deviates from O indicates that pairs of communities in the focal dimension
are, on average, either more (positive values) or less (negative values) dissimilar than expected by
chance. Our simulations (Sudpformation) also showed that the calculation of mean values of
SES across dimensions is not affected by unbalances in our sampling design.

The second approach assessed the relative importance of environmental sorting (i.e.,
deterministic mechanisms) and stochastic sampling effects (i.e., stochastic mechanisms) in each
dimension by fitting the observed valuedgface Diime, and Bspxt Separately as a function of their
respective environmental dissimilarities (i.e., Bfvand corresponding pairwise dissimilarities
due to stochastic sampling estimateddn-, ; The spatiotemporal coordinates (i.e., the geographic
coordinates and month) of samples were included as covariates in the models. These models were
fitted using generalized dissimilarity models (GDMs), which, contrary to other nietsied
regressions (e.gMantel correlations), account for the Horear relationship between community
dissimilarity and ecological gradients when species turnover igheghier et al. 2007; Fitzpatrick
et al. 2013)Variation partitioning(Borcard et al. 1992vas used to partition the null deviance
explained by the fitted GDMs among each variable alone andstieied contributiorGiven our
scope (i.e., contrast the importance of deterministic and stochastic assembling mechanism across
dimensions), we discuss only the proportion (%) of the total explained variation (i.e., relative
importance) attributable t&Enwiss and A - ; alone and by their joint contribution across
dimensions. Details regarding the proportion of explained variation accounted by all variables in
the full model fitted for each taxonomic group can be found in Sapgrmation GDMs were
fitted using the R pacakgglm(Manion et al. 2018)

2.4Zontrasting patterns across taxonomic group
We used the proposed framework to calculate for each of the ten taxonomic groups
separately: (a) The average contribution of each dimensiog{BBDtime, and BRpx1) and beta
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diversity component (Bldnand BDes) t0 BD1wotal; (b) The mean SESor each dimension; (c) The
proportion of variation in Bhe, Dspace Dspxt attributable to the isolated and joint contributions of
Enviiss and Dy in the fitted GDMs.

In this study, we aimed at identifying repeatable patterns across taxonomic groups
concerning the following questions: (Q1) How is baizersity partitioned in space and time ?
(Q2) How do the nestedness and turnover beta diversity components vamgemasgdime? (Q3)
Do the relative importance of stochastic and deterministic assembly mechanisms significantly
differ in space and time? To tackle these three questions, we usedeafiectd ANOVAsS
(summarized in Table Ill of Supmformationll) wherei Tax onomi ¢ Groupo was
a random factor (intercepts). By doing so, we could control for hierarchical structures in our data
caused by differences in life histories within and among taxonomic groups that are beyond the
scope of this study. Thexed factors considered in the mixetfects ANOVAs were called
ADi mensi 0 BMpaceBDmevadd Blxpxr) |, AComponen#tmsBDnesf, b v el s:
AiVari abl e sds X -;and thdir Soint cEniribution).

To answer Q1 and Q2, we fitted the average contribution t@..B&s a function of
Dimensions and Componeni&hese models determined which dimension contributed the most to
BDwta, and whether nestedness and turnover components varied significantly among dimensions
(i.e., a significant interaction between factors Dimensions and Components). To answer Q3, we
fitted two different models. In the first, we fitted SE& a function of Dimensiong/e also used
onesample {tests to evaluate whether the me&aS; values considering all taxonomic groups
combined across dimensions were significantly different from zero. By doing so, we inferred
whether betaliversity in each dimension was significantly different from the null expectation.
the second model, we assessed whether the proportion (%) of the total variance explained by fitted
GDMs across taxonomic groups changed as a function of Dimension and Variables. Taken
together, these models informed whether the relative importanceemhbly mechanisms differed
among dimensions (e.g., significant interaction between Dimension and VaridMbeh
necessary, we rank transformed the response variables to meet assumptions regarding residual
normality and homoscedasticifihe mixed models were fitted using the R packdgee(Pinheiro
et al. 2019)

2 RBesul ts

(Q1) How is betaiversity partitioned in space and time? We observed that community
composition varied more in space than in tioansistently across taxonomic groupgore
specifically, we found that the average contribution otBPand BQypacd0 BDiotadid not differ
significantly but was higher than the average contribution afB@-igure2.2, df=2/18, Fvalue=
23.56, pvalue < 0.001, Suppnformation.

(Q2) How do the nestedness and turnover beta diversity components vary in space and
time? Ourconceptual model predicts amcrease in the importance of nestedness in temporal
betadiversitydue to theersistence of core species through time along with the stochastic loss of

29



occasional species. In contrast, the replacement of core species due teespamesent sorting
should increase the importance of turnover in spatiatdig&sity. As predicted, our results show
that although turnover was the main component of-tetxsity across all three dimensions,
nestedness was relatively (and significantly) higher in time than for the other components (Fig
2.2, interaction between Dimensions and Components, df=2/&|ue=30.58, svalue < 0.001,
Supp.Information.

(Q3) Do the relative importance of stochastic and deterministic assembly mechanisms
significantly differ in space and time? Our conceptual model predicts that spatiaivetaty
will be mainly driven by deterministic specieavironment sorting, whileemporal betaliversity
results from stochastic sampling effects. Considering all taxonomic groups combined, the mean
SES was significantly lower in Blxwe (Figure 2.3, df=2/18, Fvalue 21.84, p < 0.0001, Supp.
Information I, Table IIl) and not sigricantly different from zero (oneample itest, df=9,
t=0.981, p=0.345)When contrasting the results of the variation partitiorspgroachacross
taxonomic groups, we observed thatBbDwas mainly explained by - (¢a. 32% on averaye
though the differences between the variance explain@g hy Enwiss,and their Joint contribution
were not significant (post hoc Tukey test, ERvs. Dhui p =0.92, Enyissvs. Joint p=0.73, R
vs. Joint p= 0.64, Fige2.4). These results corroborate our prediction that temporabietesity
is strongly driven by the replacement of occasional species caused by stochastic events of
colonization and extinction. In contrast, BRewvas significantly more explained by Eqythan
by A - yand their Joint contribution (Fige 24). These results conform with our prediction that
betadiversity in space is driven by the turnover of core species associated with species sorting
dynamics. Finally, variation in §xr was equally explained by the isolated contribution of
A - and Enviss These findings therefore suggest that spatiotemporal changes in community
composition are simultaneously driven by deterministic mechanisms in space and stochastic
mechanisms in time.
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2.D4 scussion

In this study, we investigated how compositional dissimilardai®®ngcommunities (i.e.,
betadiversity) are partitioned in space and time, and what is the dominant mechanism underlying
compositional changeis each dimension. In the studied tropical slope, where environmental
gradients are steeper in space than in time, spatiakp4BP and spatiotemporal (Bdax)
compositional dissimilarities contributed more to the total variance of the sjhgesite-by-time
matrix (BDwta)) than temporal changesoae (BDime) (Q1, Figure 2.2). We also observed that
while betadiversity across allimensions was mainly represented by species turnover, nestedness
was significantly higher in timeQ2, Figure 2.2). These results were consistent across taxonomic
groups and supported the predictions derived from the proposed conceptuallinedelatively
low temporal betaliversity observed is likely to result from the fact that core species, by
definition, can persist locally when local environmental conditions daimange substantially
over time. As such, temporal betaversity is consistently low and significantly more nested
across taxonomic groups because the occurrence of occasional species fluctuates over time, but
the occurrence of core species remaingdivaly constaniSnell Taylor et al. 2018)The higher
contribution of spatial betdiversity to total betaliversity should be then due to the turnover of
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core species associated with spatial variation in environmental condi@ogte et al. 2013)

Finally, we observed that spatiotemporal changes in community composition contributed the most
to the total variation of the species occurrence matrix, albeit this contribution was not significantly
higher than the contribution of spatial betigersityalone (Figire2.2). This pattern indicates that

when comparing the composition of two sites in different moments in timedivetaity is high

because it represents the turnover of both types of species: spatial changes in the composition of
core specig coupled with temporal fluctuation in the composition of occasional species within
communities.
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Our results conform with our prediction that community assembly in tropical mountains is
represented by spatially deterministic but temporally stochastic changes in community
composition Q3, Figures2.3 and2.4). The high importance of speciserting mechanisms in
determining the distribution of species along tropical slopes is a ubiquitous pattern in nature
(Jankowski et al. 2009)ndeed, many studies discuss this pattern through the lens of Janzen's
seasonality hypothes{8967)which proposes that the low seasonality of tropical latitudes would
favor the origin (i.e., speciation) and persistence of species with narrow environmental tolerances
in the regional species podé.g., McCain 2009, Zuloaga and Kerr 2Q1As such, local
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communities at different portions of tropical elevational gradients would be only composed of
elevational specialists (i.e., core species) that are in equilibrium with local habitat conditions. This
rather "Clementsian" perspective over the nature of camtias is often invoked to explain the

high importance of environmental heterogeneity in the assembly of communities along tropical
elevational gradient®resley et al. 2012; Willig and Presley 2Q016)

However, a Clementsigperspective implicitly assumed under Janzen's hypothesis falls
short on explaining the temporal betizersity patterns observed here and in other studies (e.g.,
da Silva et al. 2018, Wardhaugh et al. 208)ppose communities in tropical slopes were only
composed of elevational specialists (i.e., core species). In this case, the low temporal heterogeneity
of environmental conditions would allow all species found locally to maintain stable populations
through time. Consequently, temporal changes in community composition should be negligible
(BDtimecloser to zeroSnell Taylor et al. 2018h the absence of disturbance events that promote
historical contingences in the assembly procesaguFukami 2015) Instead, our empirical data
indicates that the average contribution of temporal-tietarsity to the total variance of species
matrices is significantly different from zero (Big2.2) and is strongly explained by the stochastic
allocation of individuals from the regional species pools into local communitiesr€s@3 and
24). We also observed a high relative importance of the Joint component of the variation
partitioning procedure in explaining temporal bdizersity. The underlying cause is ligedue to
the fact that unsuitable local conditions keep populations of occasional species at low abundances
and, therefore, more prone to loeatinction through time via demographic stochasti(®igueira
et al. 2020) Together,these results suggest that the composition of communities in tropical
mountains is temporally dynamic because of random colonizatitinctions events that promote
the turnover of species that are not in equilibrium with local habitat conditions ¢casional
species). Therefore, we argue that the capacity of Janzen's hypothesis in predicting temporal
diversity patterns in tropical slopes can be improved once we reframe its framework to
accommodate a G| easoni astehce gf eoresapdeoccasionalespebies s e d
within communities.

Here we proposed a conceptual model that associates the relative importance of
deterministic speciesnvironment sorting with the turnover of core species across communities.
However, it is important to highlight that this association is likely to be gtomt fine
spatiotemporal scales such as the ones encompassed by our empirical data (i.e., a relatively short
elevational transect over a year). This is because, at broader scales, dispersal limitation may also
shape the distribution of core species iacg For instance, recent studies investigating the
mechanisms driving variation in beetle communities along broad spatial scales concluded that
dispersal limitation, and not deterministic habitat selection, explains the absence of many taxa in
northern ommunities since the Last Glacial Maximy@dmezRodriguez and Baselga 2018)

These results suggest that highitude biomes may harbor communities depauperate in core
species because dispersal limitation may keep them from recolonizing habitats with suitable
contemporary climate.
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Nevertheless, our conceptual model fosters two important insights into the reasons why
the relative importance of deterministic and stochastic mechanisms within metacommunities may
differ in space and time. First, it provides strong evidence that thecteardimits to how much
we can learn from metacommunities based on unidimensional assessments alone. This is because
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if different mechanisms structure metacommunities in space and time, sorting metacommunities
into archeypes (or paradigmsensuL_eibold et al. 2004based only on spatial dynamics can only

yield an incomplete understanding of the assembly prdeegs Wisnoski et al. 2019, Jabot et al.
2020) Second, our model and empirical results indicate thatimfellmed predictions on the
mechanisms driving community assembly should consider the complex spatiotemporal structure
of environmental conditions in landscap@sg., BarMassada et al. 2014)or instance, in
temperate mountains, an ecosystem where environmental gradients are steeper in time than in
space, community assembly should be a product of the changes in composition that are stochastic
in space but deterministic in time (i.e., opposttehose in tropical mountains). If corroborated,

this pattern may indicate a latitudinal gradient in the relative importance of deterministic and
stochastic mechanisms underpinned by differences in the spatiotemporal structure of
environmental conditiamunder which lineages have evol{&®bzak and Wiens 2010; Cadena et

al. 2011) Future research that replicates our framework across mountain ranges (or any other
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system where environmental variation differs in time and) in different latitudes and biogeographic
regions may test these additional predictions, thus providing a broader understanding of the
assembly process in space and time.

2.5 Supplementary I nformati on

2.5.1 The existence of core, satellite, and o
Hanski (1982) proposed that species in a regional pool could be divided into two types,
core, and satellite, depending on their frequency (spatial occupancy) and abundance within

communities. I n Hanski 6s fr ameworléccupanoyand s pec
high abundance within local patches, while satellite species were those with low occupancy and
rar e. Magurran and Henderson (2003) proposed

classification by showing that locally abundant gege are often those with higher temporal
occupancy within local communities. In this temporalliented classification, core species (also
named Afrequent, 0 sensu Ul rich ansdstaihgllocdtk 2004
populations for relatively long periods of time. Conversely, species that are poorly suited to local
habitat condibns and, consequently, are unable to keep viable local populations in the long term
have been named in different ways: occasional, accidental, vagrardt, toutransient (see Snell

Taylor et al. 2018 and references within). These names refer to the probabilistic (i.e., stochastic)
occurrence of this second type of species (hereafter referred to as occasional) in a given community
at a specific moment inrtie. An important distinction between the spatially and temporally
oriented classifications is that while the former is spespeific (i.e., a species is either core or
satellite), the latter is communigpecific (i.e., a species can be occasional eaymmunity but

core in another). As such, satellite species are not necessarily the same as occasional species
(Umana et al. 2017). For instance, species with narrow spatial distributions (i.e., satellite) may be

a persistent component of local commussitiwer time (i.e., core), while species widely distributed

in the landscape may be occasional members of local communities (occasional). Even though both
types of classifications are likely to be somewhat correlated, here we only considered the site
specifc classification (i.e., coreccasional) in our proposed conceptual model.

The coreoccasional species framework may help us broaden our understanding of the
assembly process because: (i) it has clear predictions on the mechanisms driving the diversity and
distribution of core and occasional species in metacommunities (seextimhese predictions
have found empirical support across many different ecosystems and taxa (e.g., Belmaker 2009,
Supp et al. 2015, Umanfa et al. 2017); (ii) recent raatdyses showed that the removal of
occasional species from ecological analysescedfavelltknown patterns such as speessa
relationships, speciemnergy relationshipsand species abundance distributions (Magurran and
Henderson 2003, Snell Taylor et al. 2018).

However, identifying the core and occasional members of empirical communities is not
straightforward. Over the past few decades, several studies have proposed different ways to do so
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by using detailed information on species-liistory (Belmaker 2009, Supp et al. 2015) and traits
(Ulrich and Zalewski 2006, Umainia et al. 2017). When such data is not available, identifying core
and occasional species within communities is based on duahavbitrary decisions. For instance,
many studies use thresholds to classify species based on their temporal occupancy in a given site
(e.g., core species are those that occur in the focal community over more than X% of the total years
surveyed). In adtion, recent simulations have shown that the probability of misclassifying species
based on their temporal occupancy is particularly high in observational studies carried out in highly
heterogeneous landscapes at relatively fine temporal scales. Thiauséenassffect dynamics

can allow species that fail to maintain positive population growth rates to persist locally through
time due to repeated immigration of individuals from neighboring communities (Snell Taylor et
al. 2020). Given the lack of knogdge about the distribution and taxonomy of tropical insects
(i.e., the Wallacean and Linnean shortfalls, respectively), and the relatively fine temporal scale of
our observational data (i.e., one year long), we decided to use simulated rather thatiafserva
data to validate the assumptions of our conceptual framework (see main text).

2. Redplicating in silico the proposed conceptu
In this model, population size of specjes sites at timet is given by:
0 WOO; O+0O AB3 )®

wherew 0 'O, represents the number of individualser within-patch dynamics, j& represents
the number of individuals emigrating frosnandOy, is the number of individuals immigrating
from site x to site s in time & 0 'Oy was modeled using a modified form of the Bevetttoit
competition model (Beverton and Holt 1957, Tucker et al. 2016) given by:

w0 O; 0£Qi 0§t 0OY;, AR3XR
0 j isthe population size ink while GRjs represents the growth ratejofhen
conditioned by withirpatch abiotic and biotic conditions, and is calculated as:

oYy Y i s €. 6l 23)

whereY s the effect of environmental selection in population dynamics and is given by:

Oe gy .
Y Y AoB qq AR3 )8

where'Y represents the maximum intrinsic growth r&e § is the local abiotic conditions,
‘ is the environmental optimum of specjeand, is its niche breadth (i.e., environmental

tolerance). The right term of equati8r;& representsspeciesspecific Gaussiarresponses to
environmental variation and rangeetween 0 (unsuitable environmental conditions) and 1
(perfectly suitable environmental conditions).
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Thetermpjp | BUO ; | BU j of equationSl. 2.3represents the effects of intra
and interspecific competition experienced by specisscommunitys. The coefficient is the
per capita effect of specig¢®n itself while is the per capita effect of specieen the growth
of j. In this model, we assumed a stabilizing competition, i.e., species compete more strongly with
themselves than with each other (ile.,>| ). Note that stabilizing competition increases the
chances of dominant and rare species to coexist in a community ovériiomepson et al. 2020)
When considering equatidal. 2.3 suboptimal growth 10Y} < p) results from the negative
impact of local competition on population growth and/or a mismatch between local environmental
conditions and species environmental preferences. Finally, stochasticity in birth and survival was
incorporated by drawing the numbeaf individuals of speciesin communitys in timet from a
Poisson distribution whose mean is equal to the deterministic paguation SI. 2.3i.e., terms
within parenthesis)Shoemaker and Melbourne 2016; Thompson et al. 2020)

The argumenEs; of equation 2 represents the number of individuals of spgcibst
emigrated from patchat timet. This number was determined by the successful numheoD;,
draws from a binomial distribution with different probabilitigg depending on whether local
conditions were suitabl@sui)) Or not Punsui). That is, iIfOY p then p= psuit,but if "OY p then
P= Punsuit, Here we defined thaisuit < punsuit SO individuals are more likely to remain if habitat
conditions are benign, but more likely to escape if habitat conditions are unsuitable.

The argumenfO j in equationSI. 2.1represents the number of individuals of spefies
that emigrated from site and arrived in communitg at timet. All individuals that emigrated
across communities have an equal probability of immigrating to all patches but the one from which
they emigrated.The destination ofimmigrants was computed as random sampling with
replacement and equal probabilitiespeated.To incorporate the costs of migration in our
simulations, a number of immigrants is selected to die during the prodeis number is given
by a binomial distribution whose number of trials is equaDtghand the success probability is
0.1.

Population dynamics were carried across 15 different sites over 1200 time steps (each time

step representing one month, i.e., 100 years in total). To ensure that analyses were performed on
stable rather than transient communities, only the last 12 tieps gt.e., the last year) were
considered in the final specibg-site-by-time matrix. As such, the final species matrix has similar
dimensions to those of our empirical data. In t=1, all 30 species were set with the same initial
regional abundance (cd.00), and were placed across the 15 modeled patches according to their
environmental preferences. Environmental conditions in the landscape were manually set to depict
a similar environmental profile as in oempirical data (compare Rige 2.1 andFigure Sl 21).
That is to say that the simulated landscape mimicked the high elevational but low seasonal
variation in environmental conditions often observed along a tropical elevational gradient (see
Figure2.1 in the main text). Environment is represented by a single variable that ranges from 0 to
1. Environmental optimurh of each species was equally spaced and ranged from 0 to 1, while
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species niche breadthwas set al for all species. This value fQrdecreased regional extinctions

by ensuring that all species were able to persist over time in at least one of the 15 sites modeled.
In addition, the immigration pool was rescaled to 500 individuals in every timestep to minimize
temporal fluctuations in #hsize of the regional pool caused by regional extinctions. Core species

in a given community had an averdg@Rover the last 120 time steps higher equal or greater than
one, whereasazasional species were those with avei@gesmaller than one.

We repeated the simulation 50 times. At the end of each simulation round, we applied our
partitioning framework described (see Methods) to analyze the final sibyesite-by-time
matrices (i.e., full matrix). We also repeated our analyses after remeathgype of species from
the final species matrices. This is the standard protocol of studies that aim at understanding the
mechanisms governing the diversity of core and occasional species in a metacommunity (e.g.,
Belmaker 2009, Supp et al. 2015, Umaiial. 2017) The analyses performed considering the full
matrix yielded results that were qualitatively similar to the results observed when analyzing the
observational dat a ( CdohePlfgures bghow ane figurésknuhe mairMa t r i
text). The goal of our model was to demonstrate a link between the importance of deterministic
and stochastic mechanisms and the turnover of different types of species among communities.
Indeed, when analyzing matriceswhich either core or occasional specwere removed, we
showed that deterministic specisvironment sorting mechanisms mainly explained the
spatiotemporal turnover of core species. In contrast, the turnover of occasional species was better
predicted by the stochastic allocation of speciemfthe regional pool into local communities
(FigureSI. I, 1l and Figure Box | in main text

The values of all parameters considered here are list€dhie Sl 2.1. The chosen value
for each parameter was set in a way that the following conditions were met:

1-At least 50% of the species in the regional pool remained in the metacommunity
in the last 12 time steps;

2-All sites had at least one core member;
3-Core and occasional species had similar regional abundances in the last 12 steps.

Theseconditiors were critical to ensure that our analyses based on the final matrix was
able to detect the signal of both types of species in the metacomniusitgnportant to highlight
that these simulations were used to validate
not be interpreted as an attempt to estimate the parameters of any real metacommunity. As such,
while the results obtained here weobust to changes in the size of the metacommunity (number
of species and their initial abundances), changes ot h e r simul ation ©parar
change the qualitative patterns observed. Different combinations of values may also allow the final
species matrix to meet the conditions listed above but exploring the different results obtained along
the parametespace is beyond the scopelut simple simulation framework
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Figure Sl.2.1 Virtual landscape in which metacommunity models were set to run (only last 1
steps are shown). The spatiotemporal structure of environmental conditions is similar to the one
in the tropical slope where insect communities were sampled (@e2. Fin the main text)

39



TablZA:S$SImul ati on parameter s: Val ues and underl yin

Parameter Description Min Max mean Value Distribution
Nsp Number ofspecies - - - 30 -
NItL Regional Abundance ] ) ) 2000 )

T1
Rmax  MAGOWTAleIn e
optimum conditions
N_patch ~ Number of patches - - - 15 -
N_month Number of time steps - - - 1200 -
Environment in a

E patch at specific 0 1 0.5 - -

moment in time
U Coeff. Intraspecific

. - - - 1/2 -
Ui Competition /200
Ok j Coeff. Inter_s!oemflc ) ] ] 1/800 )
Competition
m Mortality rate - - - 0.1 binomial
_ Chance to disperse : :
Punsuit when GR<1 - - - 0.8 binomial
. Chance talisperse , :
Psuit when GR>1 - - - 0.3 binomial
€ Niche optima 0 1 0.5 - -
G Niche breadth - - - 1 -
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Full Matrix Occasional species Core species
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Avg. Contribution to BDjgg

BDTime BDSpaoe BDprT BDTume BDSpace BDprT BDTime BDSpace BDprT

Figure SI.2.11: Average contribution of spatial (BRc.9, temporal (Bwe), and spatiotempori
(BDspxt) changes in community composition to the total variance of spegisge-by-time matri
(BDwta)). In the first panel analyses were carried out considering both types of specie:
communities (Full matrix) and results were qualitatively similar to the results observed acro:
communities sampled in this study (see Fig.rBain text). The other two panels show the re
when only occasional (middle) or core species (right) were kept within communities. As we
the composition of core species varies relatively little over time, while the composition of oct
species varies in all dimensions.

41



Full Matrix Occasional species Core species
BDprT' T%
BDspace' %}' &
BDtime'

0 4 8 0 4 8 0 4 8
SES

Figure SI.2.1Il: Mean Standardized effect sizes (SES) observed across dimensions calculated consi
communities and after the removal of either core or occasional species (see cdfiganeosI2. ). Pattern
observed in the full matrix were qualitatively similar to the patterns observed in analyses conside
communities (see Fig. 2.3). When considering only occasional species (middle), there is a higher
between the null expectaticand the final simulated matrix (SES closer to zero). Tésslt indicates th
stochastic events of colonization extinction are the main drivers otlbatesity when only occasional spec
are taken into consideration in our analyses. Conversely;dbatesity was very different from the n
expectation (e., above 0 in BRaceand BDspxt,but below zero O in Ble), which indicates that oth
mechanisms drive the spatiotemporal distribution of this type of species across communities
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2. 5.

Empirical data and anal yses

TablXH:IGHharacterization of taxonomic groups

. C
Family ommon Global Sampled Sampled ,
. Order name Occurrence _. . Functional role
(Subfamily/Genus) . Richness Richness Abundance
(English)
Specialist Predator
, . f :
Lampyridae Coleoptera Fireflies Global ca.2000 62 1042 orworms
gastropods and
other fireflies
Predator of
Phengodidae Coleoptera Glow-worm New World  ca.270 31 912 Millipedes apql
Beetles other Insects living
in the litter
. Ground ca. Generalist
Carabidae Coleoptera Beetles Global 40000 55 517 Predators
Eumolpinae Coleoptera Leaf Beetles  Global ca. 7000 67 1237 Spec?lallst
Herbivores
Cerambycidae Coleoptera Longhom Global ca. 59 344 Generalist
y P Beetles 24000 Herbivores
FUNaUS Feed on Fungus
Anthribidae Coleoptera Wee?/ils Global ca. 3900 63 214 and decaying
matter
Ichneumpnldae Hymenoptera - Global ca. 830 67 782 Endopgrasnmds of
(Metopiinae) Lepidoptera
Ichneumonidae Parasitoids of
L Hymenoptera - Global ca. 1740 97 1514 Lepidoptera and
(Pimplinae) !
Spiders
. Neotropical .
Bracomglae Hymenoptera i and ca 32 32 317 Ectoparasitoids of
(Mesostoinae) . Lepdoptera
Australasian
Braconidae Hymenoptera ] Global ca. 250 29 316 Endoparasitoids of

(Meteorini/Meteorus)

Lepidoptera

43



w
o

(o)
o

(03]

Species Richness
o

&

<&

| Antribidae

500 1000
Number of individuals

Hi Cerambycidae = Lampyridae Meteorus

| Carabidaca | Eumolpinae Mesostoinae ] Metopiinae

FigureyYSlIndividual based rarefact

44

1500

= Phengodidae
Pimplinae



Tabl2d I@dr i ati on Partiti oniVWad uaecsr o sedp rddaseeonrba rhahlce i gorno L
expl ai ned iamrc cfoiutnBeeddJGDriMen | dDne, t hei r j o.i nTth ec ovnatlruiebs
assigned in the column Cdc&€orod decldepv @tsiemmna Ipokimee Bod @ tX Ip )l
joint contri bHEbwdosn tolfe Cjomirmdt amanD, g t+i b uthieor odfntCamrnc
of C&ogwdnbh,* eNgati veeval ceaglialertad Or eéoperceasuesret tshoeeyn
where the independent variables explain | ess var
di stribution

Taxa Dimension % Enwiss % Dnui % Joint % Coord

Diime 23.5 23.3 14 39

Phengodidae Dspace 39.6 2.3 4.8 53
Dspxr 23.3 145 11 53

Diime 46.6 20.0 23.3 9.6
Lampyridae Dspace 60.7 113 8.2 19.6
Dspxt 59.7 13.3 154 114
Diime 27.1 154 11.5 45.9
Carabidae Dspace 57.3 7.7 11.6 23.2
Dspxr 19.2 22.2 5.2 53.6

Diime 4.5 65.8 21.6 7.8
Pimplinae Dspace 16.1 24.3 3 56.4
Dspxt 11.9 37.9 7.8 42.2
Diime 8.5 27.3 13.1 50.9
Eumolpinae Dspace 44.4 2.1 1.8 51.5
Dspxt 12.1 6.4 *0 83.2
Diime 3.4 66.8 194 10.1
Metopiinae Dspace 36 22.1 16 25.7
Dspxt 29.3 25.8 20.4 24.2
Diime 58.7 38.9 *0 115

Mesostoinae Dspace 21.8 29.9 *0 49
Dspxr 8.2 34 *0 59.4
Diime 10.3 20.8 25.2 43.5

Antrhibidae Dspace 65.9 4.1 27.5 2.3
Dspxr 41.1 9.1 26.1 23.5

Diime 57.2 185 194 4.7
Cerambycidae Dspace 48.5 3.5 10.2 37.6
Dspxt 13.7 29.1 10.5 46.4

Diime 26.5 17.8 19.3 4.8
Meteorus Dspace 56.1 3.7 10 37.6
Dspxt 13.48 28.6 10.1 46.8
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TablZd MBésults of

mi xed

model s

ANOVAwasdtn aad

| a nroadred

fi

factor . DV= Dependent Vari abl e; Levejase ®DRe & he
BRpyxt AComponegmingda BPOAB/BT i ahbils@aBoandEdwiSnigni fi cant e
0. 05
Question DV FF Dfnum/DFden F-statistic p-value Figures
Avg.Cont
Q1 to Dimensions 2/18 23.56 <0.0001*
BDtotal
Avg.Cont Dimensions 2/45 0.86 046 2?2
Q2 to Components 1/45 56.67 <0.0001*
BDtotal Dimensions: Components 2/45 30.58 <0.0001*
SES Dimensions 2/18 21.84 <0.0001* 23
i i 272
Explained Dimensions 1.765 0.17
Q3 o .
variation Variables 2172 1471 <0.0001* 24
(%) Dimension: Variables 4172 4.95 0.0014*
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2. £Expl oring the effects of wunbalances in the
We make use of simple simulations to demonstrate that averaging effectively controls for

differences among Bdpace BDime, and BDxpxr that result solely from unbalances in the

dissimilarity matrixD. We started bgimulating 150 regional pools using three different species

abundance distributions (Legpormal, Poissoihognormal, and negative binomial distributions, 50

regional pools each). Each regional pool was composed of 1000 individuals distributed across 50

spectes. Each individual within any given ploeas then randomly allocated across 90 samples

with specific spatial and temporal coordinates. Then we calculated the pairwise dissimilarity

among simulated communities and obtained the mBuix Note that the number of entries in

Dsim representin@iime, Dspaceand Dspxt Was set to herespectively, 225%30, and 3150; the same

unbalance observed our realD matrices.Since the composition of simulated communities is

generated by chance alone, all dimensions should equally contribute.te BDwever, without

proper correction, we observe that > BDspace BDime; @ pattern that is caused by the

observed unbalance Dsim (Figure Sl. 2. V) Only after dividing BRpace BDtime, and BDspxt by

the number of entries iDsim representindspace Diime, and Dspxt, We observe that all dimensions,

on average, contribute equally to BE(Figure Sl. 2. VI) Based on the same simulations, we also

show that the results of the SES procedure (see main text) were not influenced by untmalances

D. More specifically, in these simulations where species were randomly distributed across

communities, the mean SE®r each dimension is not significantly different fromFigire SI.

2.V).
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Chaptlehe 3geography of metacommunit

drive geographic wvariation in the

species pool attributes
3. Albstract

The nomrandom association between landscape characteristics and the dominbistdife
strategies observed in species pools is a typical pattern in nature. Here, we argue that these
associations determine predictable changes in the relative impoabhassembly mechanisms

along broaescale geographic gradients (i.e., the geographic context of metacommunity dynamics).
To demonstrate that, we employed simulation models in which groups of species with the same
initial distribution of niche breadths andspersal abilities interacted across a wide range of
landscapes with contrasting characteristics. By assessing the traits of dominant species in the
species pool in each landscape type, we determined how different landscape characteristics select
for different life-history strategies at the metacommunity level. We analyzed the simulated data
using the same analytical approaches used in the study of empirical metacommunities to derive
predictions about the causal relationships between landscape charestedsthinant life
histories in species pools, and their reciprocal influence on empirical inferences regarding the
assembly process. We provide empirical support for these predictions by contrasting the assembly
of moth metacommunities in a tropical versugemperate mountainous landscdpellectively,

our model framework and empirical analyses demonstrate how the geographic context of
metacommunities influences our understanding of community assembly acrosssdal@ad
ecological gradients.

32l ntroduction

Community assembly theory studies the mechanisms by which species from a broader pool
of potential colonizers assemble into local communities at finer g¢dilksislambers et al. 2012)
Metacommunitytheory advances our understanding of a wide range of biodiversity patterns by
extending community assembly theory to incorporatzhanismsuch agdispersal limitation,
environmental selectiorgnd ecological drift(Mouquet and Loreau 2003; Vellend et al. 2014;
Fournier et al. 2017; Koffel et al. 2022}heoretical models hayeredominantlyadvanced our
knowledge about the importance and litk among these mechanisms by systematically
manipulating parametegoverningtwo distinctmetacommunity components: (1) @utributes of
species poolshat form metacommunitie@.g., degree of speciescological specializatioand
dispersal ability) and (2)the characteristicef landscapege.g., environmental heterogeneity,
connectivity) where metacommunity dynamics occuFor instance, byindependently
manipulding species pool attributes and tevironmental heterogeneity and connectiatyhe
landscapge one cansimulate assembly dynamics corresponding to distinct metacommunity
archetypege.g.,Thompson et al. 2020; Suzuki and Economo 202aghtheoreticaframeworks
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produce insights into howdistinct combinations of species pool attributes and landscape
characteristics can generate the multitude of diversity patterns freqoestiyved irempirical
metacommunitiege.g., Ovaskainen et al. 2019, Guzman et al. 2022)

However, thedominant lifehistory strategies observed igpecies pools forming
metacommunitiesre selected by theharacteristicof landscapes where the assembly process
occurs(Buchi and Vuilleumier 2014; Fournier et al. 202d)deed, this is a fundamental idea in
spatial ecologye.g.,PeresNetoet al.2012)that also underlies wedlstablisheadcogeographical
rulesand macroecological hypothesdsor i nst anc e, J an z egstiateshats e as on
latitudinal variation in the degree of spatial and temporal variatidanidscapesnvironmental
conditions explains latitudinal clinea the degree of ecological specialization of species in the
regional poolgJanzen 1967; Ghalambor 2006; Sheldon et al. 2@&iB)ilarly, Rapoport's rule
(i.e., theincrease in specsegeographic ranges with latitud&§tevens 1989, Ruggiero and
Werenkraut 200)7is assumedo be a consequence of the dominance of strong disparse
temperate landscapes where temporal variability in habitat conditions isWiigle the non
random association between species pool attributes and landscape characteristics is a common
pattern in naturde.g., Sunday et al. 2011; Sheard et al. 2020¢ have yet to determine its
influence on our empirical understandingnoétacommunity patterns and the relative importance
of underlying assembly mechanismihis understanding should be particularly relevant for
generating insights into why broadale empirical studies frequently report (bio)geographic
variation in metacommunity dynamid®.g., Qian and Ricklefs 2012; Myers et al. 2013;
HenriquesSilva et al. 2015Nishizawa et al. 2022

In this study, we set out teterminehow thedependeneof species pool characteristics
on landscape attribut@sfluences the geographic context of metacommunity dynamics, i.e., how
it drives predictable variation in the relative importanéenechanisms that assemble different
metacommunities distributed along breszhle ecological gradients, across biogeographic regions,
even at the global scal®ur conceptual framework can be describe@ partial mediatiomodel
(Figure 3.1) in which landscapeattributes(i.e., exogenousvariables) determine the degree of
specialization and dispersal ability of species that dominate species pools at the metacommunity
scale (i.e., mediator variableshhese two (model) compartments jointljctate the relative
importanceof different assembly mechanisms (i.endogenousariable).Putting in ecological
terms landscape attributes that vary across lagme gradients (e.gseasonality should
determinelargescale geographic changes in the dominant traits andhigéory strategies
obseved in species pools that form metacommunititeresNeto et al. 2012, Henriqu&iilva et
al. 2015) As demonstrated in this studyhese norrandom associations between landscape
characteristicand species poalttributes underpigeographicshiftsin the relative importance of
assembly mechanisms

To provide theoretical validatioand illustrate the utility of our conceptual framework, we
built a procesdbasedsimulation)metacommunitynodel whereirgroups of speciesith the same
initial distribution of continuous traits (here, ecological specialization and dispersal ability) were

51



allowedto colonize and reach coexistence in landscapts varying of levels spatiotemporal
environmental heterogenejtyhysical connectivity, and spatial structure (autocoediaof
environmental (habitat) conditions. Byvaluatingthe degree of ecological specialization and
dispersal ability of the species that could persist and donmtimateetacommunitydefined here
as the metacommunity species posnsuFukami 2015) across various types of landscapes,
were able tainderstandhow distinctlandscapeharacteristicselect for differentlominantlife-
history strategiesThis modeling approach allowed to understankdow geographic clinem life-
history strategiesoften attributed to broadscale variation in evolutionary dnhistorical
mechanismge.g., trait evolution/conservatism and speciatidoa 2016) can also arise from
ecological dynamics operatingthefiner spatial and temporaktales of metacommuwgitlynamics
(HenriquesSilva et al. 2015, Mittelbach and Schemske 2015)

To determinehow the interdependencegtweenspecies pool and landscapes influence
inferences about metacommunity dynamics, weanalyzed the resulting 6imulated
metacommunitiesemploying analytical approaches commonly uséd infer the relative
importance of assembly mechanismsempiricalmetacommunities (discussed in Methaatsl
see relevant conceptual and statistical limitation&ilbert and Bennett 201®eresNeto and
Legendre 2010)We then explored the caudialks between landscape attribute®minant life
history strategies in species pqogdrelatedinferences about community assembiyough
statistical models

To provide empirical support for some of the theoretical predictions derived from our
simulation framework, we analyzed empirical data on moth metacommunities in a tropical and
temperate mountainous landscape. Tropical and temperate mountains are kexivilittdistinct
patterns ofspatial and temporal environmental heterogen@tyoaga and Kerr 2017)naking
them suitable Anatur al exper i méoringabcedsobang t e st i
prediction derived from our simulation models (see below) posits th&noscapesvhere
environmental variatiors stronger in space thamtime (e.g., tropical mountainsenvironmental
specialists will predomirtain species poolddence empirical studies in these areas are likely to
conclude that specienvironment sortings the primary driver of spatiotemporal variation in
communitycomposiion. On the other hand, in regions where environmesataation is stronger
in time than in spacge.g., temperate mounta)ngeneralistshoulddominatespecies pools. As a
result,mechanismsther than environmental selecti@ng., dispersal limitation or autocorrelation
of demographic processeske expected tplay a greater role in affectirgpatiotemporal variation
in community composition. By contrasting fxedictions generated by our conceptual mall
the outcomes observed ithese motimetacommunitieswe demonstratediow our conceptual
framework can serve as an inferential tool for investigating the geography of metacommunity
dynamics.
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33Met hods

33 $i mul ated | andscapes

For the sake of brevity, we only briefly describe how we simulated landscapes here. An
extendeddescription is found in Supdnformation We generateda total of 216 types of
landscapesconsidering a wide range of spatiotemporal heterogeneity levelspk§sical
connectivity (9 levels)and spatial distribution of environmental conditions (3 leV&lgure3.2).
These landscape attributes have been shown to modotateechanisms undstihg species
coexistencewhich, in turn,influence metacommunity dynami¢Buchi et al. 2009; Moritz et al.
2013; Fournier et al. 2017)

We randomly distributeds0 habitatpatches in a geographic space defined by x and y
coordinates ranging from O to 6Dhe environmental conditions in the landscape were set to range
within the interval [0,5]. Three types of spatial distribution of environmental conditivese
considered random, autocorrelated, or linear gradiefemporal variation in environmental
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conditions followed ainusoial function(plus a random error TiT®  with 100 periodge.g.,
SH/TH>0 SH/TH=0 SH/TH <0
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variation) and seasonal (hori zoaitap atciodlorstvraud
type of spatial distribution of enMirroommentadll y
autocorrel gt etdo lanldisceaae gradient . Cogeegtdiphi
bet weenat astamtle sy al ukistdhadleewoad were truncated 1

100 years)eachconsistingof 12-time stepswith distinct amplitudes to simulate different levels
of landscape seasonality.

Landscapeapatiotemporal environmental heterogenegi{TH) was calculated abke log
of the ratio between the average variance of the environment in spldrearfd the average
variance of the environmetitroughtime (TH). SH/TH > O indicatedspatially heterogesous but
aseasonal landscap&H/TH & O indicates similar levels afnvironmental heterogeneity in space
and time SH/TH < 0 spatially homogenous but highly seasonal landscapes.

The degree ophysicalconnectivity(Connectivity between pag of patchesvas set as a
negative exponential function of their distance @g&tionSI-3.1). Connectivityvalues below a
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threshold of 1Gwere truncated to @ generatéruly disconnected pairs of patch@s in Fournier

et al. 2017) By varyingthe degree of exponential decay in connectivitykeeping tts threshold
constant, we generatdandscapes with contrasting degrees of average connectivity among
patches.

33. 3pecies pools and metacommunity dynamics
At the beginning of each simulation run (time step = 1), we generated 100 species with

distinctenvironmental optimae{, environmental tolerancé), and dispersal ability( i.e., here

defined asemigration propensily €, 0, andd were randomly drawn from continuous uniform

distributions with ranges [0, 5], [0.1, 2], and [0.01, 0.5], respectiviglis ensured that: (1) all

simulationrunswere seeded witgroups of speciewith the same initial trait valudistributions;

(2) different combinations ofi andd (i.e., different lifehistory strategiesyvere equally likely

across alsimulation runge.g., specialists and poor dispersers, specialists and strong dispersers,

generalists andqor dispersers, and generalists and strong dispersers).

Species were allowed to colonize and reach stable coexistence in landscapes with distinct
attributes (described above). The set of species that persistednetdmmmunityat the end of
each simulation run (i.e., after reaching stable coexistence; see below) was the operational
definition of fAspecies pool o6 in this study. Tt
in empirical studies in metacommunity ecold@ornell and Harrison 2014).e., it refers to the
set of all species sampled across local communities in a metacomniuailso implies the
assumption that changes in local communities driven by mechanisms operating at fine
spatiotemporal scaldbere, environmental selection, dispersal, and demographic stochasticity)
scale up tampact the size and composition of species pools dir¢Etikami 2015) Refer to
Supplementarynformation| for a detaileddiscussion orthe assumptions associated witis
operationatdefinition of species pool

Ourmodel,largelyinspiredby Blichi and Vuilleumief2014), Shoemaker and Melbourne
(2016, andThompson et ak2020, generates metacommunity dynamics through a combination
of densitydependent (intra and interspecific competition) and demsitgpendent (species
environment sorting) selection, spatial and tempdisgiersal, and ecological dr{fee schematic
representation in SupmformationFigure SI3.1).

Considering thai;is the abundance of species patchj in timet, population dynamics
wasgoverned by:
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The first term of egation3.1 is amodified version o BevertorHolt model that equates
discrete population growth as a function s#lection and ecological drift (i.e., demographic
stochasticity) D j is the local performance (i.e., growth rate) of specighen conditioned to
competition and habitat selectionpatchj and timet, and ismodeled as:
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whereRjt is the influence of local environmental conditions on species performance given by a
Gaussian response:

Yip 02 M_zAgs; (3.3)

x E A @A 0represents local abiotic conditions. The tefh, Wc“ in equation 3.3cales

species responses to the environmental gradient, ensuringttiee absence of competitioal)

species that share the same environmental optima have identical cumulative growth rates along the
environmental gradient regardless of their niche breadth (i.e., same areas below the peHormance
environment curvessee Supp. Information and Blchi and Vuilleumier 2014)As such, any
artificial advantages that may have influenced the persistence and dominance of either specialists
or generalists in different landscapes were removedset at 10 after pre trials thehowed it
allowsthe persistence of a langeumber of species over time) is a scaling factor that ensures that

all specieswere able to reach positive growth (i.&),;; >1) when local abiotic and biotic
conditionsweresuitable

The term on the right of eqtion3.2 models the effects of densitlependent competition
on population size at the intraspecific and interspecific leyvels. represents the per capita
effects of specieison itself whereas is the per capita effect of all other species on the local
performanceof i. Here we assumed stabilizing competition in which > | . This
assumption is relevant because stabilizing competition favors coexistence by increasing the
chances of locally rare species to keep positive population growth when locally dominant species
have reached equilibrium at high abundances (i.e., thedlsb ed Ai nvasi bil ity
coexistence Chesson 2000, Grainger et al. 201BYy assuming stabilizing competition, we
increased the chances of species with differentidéory strategies to coexist in suitable habitats
and persist in the metacommunifhompson et al. 2020\We acknowledge that competition types
other than stabilizing (e.qg., equalizing: = | , destabilizing:| < | ) may be
important to metacommunity dynamics, but evaluating their influence on the way landscapes and
species pools are related is beyau goals herg¢but see Thompson et al. 2020, Wisnoski and
Shoemaker 20227 cross all simulations and| were set to 1/400 and 1/8Q0@inimum
values that allowed for species regiocakxistence at high abundances basedore trial3,
respectively.

We addedecological drift(demographic stochasticityito local birth and survival by
drawing the final local abundance of spedidsom a Poisson distributiorequation3.1). This
di st r i rheanwasaeatednrinedby the deterministic influence of biotic densdgpendent
(here, competitionandabioticdensityindependentenvironment sortingdelection on population
dynamicg(following Shoemaker and Melbourne 2016; Shoemaker et al. 2022)
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Individuals able to persist iany givenlocal community after withispatch selection and
local demographic stochasticiéy timet could then dispersd.o align our framework with recent
developments in metacommunity ecoldgyg., Wisnoski et al. 2019, Wisnoski and Shoemaker
2022) we modeled two types of dispersal: spatial and tempualr0 and Carlson 2014jere
we define temporal dispersal asy physiological (e.g., diapause, dormancy) or behavioral
strategies (e.g., hiding in refugiat buffer local extinctionsThese strategies enalmelividuals
to escape fronshortterm unfavorable conditionsy avoiding costs related to reproduction and
resource consumptioihis was operationalized ligmporally removing individuals from local
communities and allowing them to returntb@ same patclin the future(see below). Temporal
dispersal is relevant becaus&jn to spatial dispersal, it promotéscal and regional coexistence
when local abiotic and biotic conditions favor competing species in different periods (i.e., via
temporal storage effegt€hesson 2000, Wisnoski and Shoemaker 20P2¢reforedispersal in
space and time can be understood as alternativeprglading stratégsthat can maximize species
persistence in metacommunities under varying levels of spatial and temporal environmental
heterogeneityBuoro and Carlson 2014; Holyoak et al. 2020)

The total number of emigrants of spediksvingpatchj in timet (Opr; ) isdetermined
by binomial trials vith a size equal to the outcomes of wittpatch dynamics (first term of
equation 3.1), andthe probability of succesdefinedasthe speciespecific dispersal abilityd).
Species with higheq were more propense t@migrate than specidmvinglower d. To further
explorethe effects of spatial and temporal dispersal on the model outcomersatedifferent
scenarios wherein species would be more or less likalyndergoeithertype of dispersal. This
wasachievedby adjustingthe values of the parameterspersal Strategywhich representshe
probability of success in binomial trialsed todetermine the number of emigrantsOg sy
that wouldundergaemporal dispersal Oy, ). It follows that the number of spatial emigrants
Orrn ) isthengivenbyO -0 . Weconsideredhree different scenariog the
AEqual Speeias aadn equaprobability of emigrating through either spatial or temporal
dispersal Dispersal Strategy0.5; wher eas i n the AMainly tempor
spati al d i s pDéspessa Btiategyvaseset asrverplsgh (0.99) and very low (0.01),
respectivelyfor all species.

The total number of immigrants of speciearriving atpatchj in timet Qnr ) was
given by the sum of spatialQ; ) and temporalQy; ) immigrants. Spatial immigration
was spatially explicit, meaning thetdividuals were more likely to immigrate to closer patches
than distant onesThis was operationalized as followSonsider the total number of spatial
emigrants departing from patbfat timet (Or r; ). Let Dspacebe the set of potential destination
patches (e.gj) of each one of these individuals, and Igt&be the corresponding set of unequal
sampling probabilities (scaled to sum to 1) of drawing any elemenpigdD® arandom sampling
process. These unequal probabilities were given by the degi@enofkctivitybetweenh and
neighboring patches (which decayed exponentvaillly distancdollowing equationSI-3.1). Based
on the probabilities iRspace arandom sampling processth replacemat was repeate®; r i
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times to define the destination of spatial emigrants (see mathematical definition in Supp.
Information). As such, he number of individuals of speciethat left patchh and immigrated to
patchj was then given by the number of tinggchj was randomly drawn from dphce It follows
that'Qnp is given by the sum of all individuals of speadi¢isatimmigrated to patchat time

t coming from all other patches connectegl. to

A similar procedurevas used tdetermingemporal immigration. Consid®y,;,  as
the total number of individuals of specieshat underwenttemporal dispersal (e.g., entered
dormancy) in patcl at timet-x. Let Dime be the sebf potential moments in the future (e.9.,
when individuals can recover from dormancy, aagkBe the set of probabilities of drawing each
element in Bmein a random sampling process. Contrary to previous studies that assumed a
constant recovery rate from "dormancy" over tifag., Wisnoski et al. 2019)ve considered a
more realistic temporal decay recovery rates For instance,individuals thatunderwent
dormancy at timé-x weremore likely to recover from dormancy at timef t is in theimminent
future.This was operationalized by making fr@babilities inPime to beexpdt*qd), whereqd is
the difference in time betwedrand tx (gi, min = 1, max =11), andt is the rate of temporal
decay After pretrials where we tested different valuesdiginot shown), we fixed it at 0.5 because
it was the lowest value that allowed species persistence in highly seasonal and disconnected
landscapesConsidering Bne and Rme, @ sampling process with replacement was repeated
Orin i times. The total number of individuals of spediésatunderwentdormancyin patch
J at timet-x andrecovered from dormancy in the same paiidimet was given byhe total number
of timest wasdrawn from Dime. It follows thatQyp is the sum of all individuals of species
thatunderwentn dormancy in patchat a given moment in the past and recovered from dormancy
at timet.

33. 8i muliattedroant i ons

For each parameter combinatiamd dispersal scenariave ran 20 independent replicates
yielding 12960 simulationsunsin total (20 replicates x 8 SH/TH levels x 9 connectivity levels x
3 types of the spatial structure of environment x 3 dispersal scenarios). Population dynamics of the
100 initial species in the regional pool were carried aalh€ patches over 12&ime steps (i.e.,
100 complete seasonal cycleBetween timesteps 1 to 120, all patches were simultaneously
seeded with specigsopulations randomly drawn from a Poisson distributier= (0.5). This
allowedan opportunityfor establisiment angopulation growth for all specigsrovided that local
abiotic and biotic conditions were suitabldne random placement of species populations across
patchesallowed thosewith similar habitat conditions to develop communities with dissimilar
compositions duwo priority effects(Thompson et al. 2020J o ensure that model summaries were
carried out in stable rather than transimetacommunitiesonly communities in the last seasonal
cycle (last 12ime-steps) were anated. This decision was supported by sensitivity analyses (not
shown) that demonstrated stabilization of species pools (rate of regional extinctions close to zero)
after approximately 700me-stepson average
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33 Analyzing simulated metacommunities

We determinedhe dominant lifenistory ofspeciesn theregional pool (i.e., all species
that persisted in the metacommunity in the last seasonal byobajculating theegionatrelative
abundance weighted meanmthe breadtli{hereafter metacommunityeightedniche breadth
and dispersal abilityhereafter metacommuniyeighted dispersal ability) of each of the 12960
simulations By doing so we could derive theoretical predictions undgrg the lifehistory
strategies that maximized species péesise and dominance across different landstgyes

Our model was designetb generatensightsinto how landscape attributes and species
pool characteristics influenceferencesabout the relative importance of different assembly
mechanism$gased on analytics commonly used to infer processes in empirical metacommunities
(e.g.,Cottenie 2005; Soininen 2014; Galvez et al. 20ZB)do sowe used variation partitioning
(Borcard et al. 1992; Perdteto et al. 2006)o estimate theontribution ofdifferent groups of
variablesto thevariationin community compositiomcrosssimulated local communitieSince
we useda simulationmodel that incorporates known processes and lacks missing predictors (such
as unmeasured spatiotemporal environmental variables that influence species distribution),
variation partitioningcan draw direct inferences from the observed pattemisich may be
challenging when using empirical data. Gumulationsreproducediata commonly colleed in
metacommunity studiesnd were analyzedising the samenferential approach, enabling
comparison andcontextualiation of our theoreticalresults with empirical findings (e.g.,
Nishizawa et al. 2028nds e e A Empi ri cal supporto bel ow) .

Variation partitioningvas applied tohe finalpatchby-speciesby-time matrix We started
by calculating pairwisecompositional dissimilarities matrices and then using generalized
dissimilarity models (GDMgrerrier et al. 20070 fit these as a function @nvironmentpositive
spatialautocorrelatiorfhererepresented by positive Moran's eigenvector nedvs, calculated
based onthe patch geographic xgoordinates, Dray et al. 2006and positive temporal
autocorrelatiorthererepresented by Asymmetric eigenvector m&kaVis, Blanchet et al. 2008
Pairwise dissimilarities were calculated using the abundbaased BrayCurtis index, which is
widely used and underlies the link and variance functions of GDMsHaer et al. 200/
Traditionally, the amount of variation pairwise compositionalissimilarity matricesexplained
by environmental variables alone is consideaedeasure of the strength of spe@asironment
sorting the variation explained by spatdMEMs alonerepresentspatial autocorrelatioim species
distributionscaused by th spatialsignature ofdemographic events such as dispe(€alttenie
2005, Beisner et al. 20pa&he variation explained by tempo&®EMs alonerepresentsemporal
autocorrelationin speciesdynamics associated with demographic events that are not related to
extrinsic environmental factordegendre and Gauthier 2014)he variation explained by the
covariation among variables (i.e., their joint contribution) was akstimated though its
association with specific ecological mechanisms is less, ghaaticularly in empirical data that
often contain missing environmental variables in the model (but see-Nat@st al. 2012)
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Finally, we ranked the relative importance of each component (in ascending orfai)itete
comparisons acrossir 12960 independent simulation rownd

All simulations and statistical analyses described above and below were conducted using
R (v.4.1.0XR Core Team 2023)AEMs and MEMs werg@eneratedising theadespatialpackage
(Dray et al. 2022)We used thevegan(Oksanen et al. 202@ackage to calculate compositional
dissimilarities andhe gdmpackaggManion et al. 2018{o fit generalized dissimilarity models.

33 b dentiidtye mdye pleentdveeneen elsh ad a c asppeea csitesc sp o ol att
and assembly mechani sms

We used path analysis to identify the causal interdependencies (pathways) between
landscape attributes (i.eexogenous variablesSH/TH, connectivity, and spatial structure of
environment [ordinal; 1= Random, 2= Autocorrelated, 3 = Gradient]), species pool characteristics
(i.e., mediators: metacommuniyeighted nche breadth anthetacommunityweighteddispersal
ability), and the variation partitioning compone(its., endogenous variables) across the 12960
simulation roundsAll predictors were standamkd (mean = 0 and standard deviation =1) prior to
model fit to allow comparing fitted relationships. Pathways' direction (i.e., positive/negative) and
magnitude (i.e., standardized estimategreserdd thegeneral theoretical predictions derived
from our simulationsGiven that we used simulated data, theajues of parameter estimates in
the path models were not used to assess pathway significance because large simulation replications
can yield low pvalues even with negligible effect sizes (¥€kite et al. 2014)Refer to Results
and Discussion section for how we selected which pathways to interpret.

To assesswvhethertheoretical predictions vary in directiofe., quantitively)and/or
magnitudgi.e., qualitatively)across dispersal scenarios (felE q u a | ,ddi Msapienrlsya lt e mp o |
dispersal and A Mai nl y 9, pva tontmdted tthe aitpomessohd path analysis that
combined all dispersal scenarios (global model) with the results of separate path analyses for each
dispersal scenariolNe used AIG to evaluate the fit of path models that considered different
combinations of the linear andugdratic terms of predictors. The models that considered only
linear terms (simplest) were identified as the igsng path models in most cas&¥e used the
piecewiseSENR packaggLefcheck 2020jo fit the pathmodels across dispersaenarios.

33. &@Empiri calthesugppoambl y of moth metacommunit.i
mountainous | andscapes

To generateempirical support for the coretheoretical predictionglerived from our
conceptual and simulation model (see belowje analyzed published data on moth
metacommunities in two mountainous landscapes: The tropical Mount Cameroon (hereafter MTC,
Maicher et al. 2019and the temperate HAndrews experimental foreghereafter AEFMiller
and Jones 2005; Highland et al. 2Q013)
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Moths in oth datasetaerecollected using light traps along an elevational gradient (MTC:
from 35 to 2000 meters above sea level; AEF: from 400 to 1400 meters above sea level). Sampling
was carried ouat different moments ofhe reproductive season in each region FABEwve used
data from May 2004 to October 2004; MT@ifferent moments of the dry season and the transition
between dry to wet and wet to dry seasons, see more details in refereth@&ggdnformation).
Becausemoths aregenerallygoodspatial dispersers when adults and can persist in the landscape
through prolongeguvenilediapauséLees and Zilli 2019)both spatial and temporal dispersal are
likely to influence the structure of moth metacommunities.

To estimate and contrashe degree of spatiotemporal environmental heterogeneity
(SH/TH), we used sample coordinates to extract monthly temperature (mean, max, minimum
monthly values) and precipitation data atrt 1 km resolutioCHELSA data, Karger et al.

2017) We thenperformed a principal component analysis on the tempenratmi@dlesand log
transformed precipitationsfandardized tanean = Oand standard deviatior 1) and used the
sample scores on the fisto PC axs as a proxy of the climatic conditions of each aiteoss
differenttime periodsf the yearin both the MTC and AEF, PC1 explained a substantial portion

of the climate data variance at 76.2% and 74.2%, respectively, while PC2 accounted for 22.1%
and 20.7%, resulting in cumulative propontsoof 98.3% and 94.9%, respectively.

We estimated the climatic tolerance of each species through the tolerance indeiiet Dol
(2000) using the packagd a d €THiaulouse et al. 2018 his index estimates speciggecific
climatic tolerance (i.e., niche breadth) based on the dispersal of samples that contain the target
species in the multivariate climatic space. We pooled togd#taron mothand climatevariables
of both mountainous landscapesestimate climatic tolerance in the same multivariate space. By
doing so, we couldirectly contrasthe degree of ecological specialization of species observed in
both datasetd.astly, we inferred the relative importance of different assembly mechanisms in
both landscapessing variation partitioning (following the same steps describeéinalyzing
simulated metacommunitlesThis was doneby estimating the variation in theommunity
composition dataxplained by climat€PC1 and PC2)spacdspatial MEMs), and timegtemporal
AEMS).

To consider how differences in sample design (e.g., the length of elevational range sampled
in each mountain) of both datasets could influence our inferences, we rerun the analyses described
above after removing samples in the MTC dataset so that it wpafdthe same elevational range
as the AEF dataset (i.e., approximately 1000 m.a.s.l.). Given that the results remained qualitatively
the same (se&upp. Informatioh here we only report the results considering the complete
elevational gradient in the M.

34Resul ts and Discussi on

Due to qualitative similarities in the results of path models fitted considering each dispersal
scenario separately (see tables &I -1V, Supp Informatior), we only report the results
considering data on all dispersal scenarios pooled together. However, we also highlight and discuss
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cases in which there were differences in the direction of pathways across dispersal séemarios.
purposes of tractability and synthesige focused our discussion on the pathways with the highest
importancen the fitted path modeldrhat is, only pathways (minimum of two per mediator and
endogenous variables) with partial coefficients higher thanntedian coefficient across all
relationships among exogenofiandscape characteristicshediatorgspecies pools attributes)

and endogenous variabléise., the isolated contribution of environment, spatial MEMs, and
temporal AEMs on variation partitionipgare discussed and reported hed®netheless,he
complete set of numerical relationshigstimated by path analyses across all dispersal scenarios
and considering the full set ofariation partitioningcomponentscan be foundin Supp.
Information.

34. 1lTheoretical laRdedapei canst:ri but es i nfl uence
specialization and dispersal ability of domin

Our simulatiorclearly showed that seasonality (measured as the ratio between spatial and
temporal heterogeneity, SH/THyas the most important factor determining tldegree of
ecological specialization ahe dominantspeciesin the regional pool (Figures.3and 3.4).
Ecological specialization was favored in aseasonal landscapes where environmental heterogeneity
washigher in space than in time (SH/TH > Qonversely ecological generalizationas favored
in highly seasonal landscapes where environmental heterogeneity isihigihge than in space
(SH/TH < 0).Notably, we observedn increase in the persistenceegblogical specialistn
seasonal landscapesh en we consi dered t he @ Mdseehijuse 3t empor
3.11). These findinghighlightthe importance of temporal dispersal to the coexistence of specialists
and generalist® (temporally) fluctuatingnvironment¢Chesson 2000; Wisnoski and Shoemaker
2022)

The spatial structure of the environment also influenced the overall niche breadth of species
pools, but this relationship was relatively weak (Figure8 &and 3.4). When environmental
conditions were randomly distributed across the landscape, an increase in the dominance of
generalists in the regional pasas observedReducedpatialstructure (autocorrelatioir) habitat
conditions increaskthe chances of environmental specialists being isolated in patches surrounded
by unsuitable habitat condition®uichi and Vuilleumier 2014; Fournier et al. 201Bince
isolation increases populations' chanads becominglocaly extinct due to demographic
stochasticity, the lack of spatial structuneenvironmental conditionshould increase isolation
and, consequentlyocal, and regionaxtinction of ecological specialists.

Dispersal abilitywas influenced by seasonalignd the level of connectivity in landscapes
(Figures 3.3 and3.4), thoughthe strength of these relationships varied across dispersal scenarios
(seeSupp.Information Tables SB.I-1V). When metacommunity dynamics were primarily driven
by spatial dispersal (i .e., the AMostly spati
levels of seasonality but increased linearly willygicalconnectivity. This finding suggests that
highly connected landapes reduce the risks associated with spatial dispersal by increasing the
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likelihood of species successfully tracking suitable patches when environmental heterogeneity is

equally strong in space and tiffg2eKubisch et al. 2014nd references withjnin contrast, when
Spatial Structure: Spatial Structure: Spatial Structure:
Random Autocorrelated Gradient
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Figure 3.3: Landscape attributes determine the dominanthiiétory strategies in species pools. Am
landscape attributes, variation in landscape seasonality was the main driver of variation on metace
weighted niche breadth and dispersal ability (also sgd)-iAseasonal (SH/TH > 0) landscapes sel
for environmental specialists (i.e., narrow niche breadth) that were also weak dispersers (i.e., lown
ability). Seasonal (SH/TH < 0) favored the dominance of environmental generalists that westeoal
di spersers. These are the results reported
|l i kely to disperse spatially and temporall
dispersal scenarios are reported ipf@unformationFigures SB.II-IV.

,\‘
A

speciesmainly dispersd overt i me (t he A Mo st | yr hddeequalachaackstof s c en
di spersing in space anldantdisntea p(etblse sfpEg u alt e mp @«
heterogeneity (which is negatively correlated with seasonality) emerged as the most important

| andscape attribute selecting for species wit
ability to dispersén time is critical to their persistence in highly seasonal landscapes. Additionally,
theseresultsillustratethat spatial and temporal dispersal are-gpkeading strategiesviaredby

different levels of spatial environmental heterogen@iyoro and Carlson 2014)

Collectively, ourfindings provide theoretical support faracroecological hypothes and
ecogeographic rulaavoked to explaidatitudinal clines on speciescological specialization and
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dispersal ability For instance, Janzen's seasonality hypothesis posits that the high elevational
stratification of climate and the low seasonality of tropical mountainous landsstapddfavor

the dominance of environmental specialists whose spatial distrib@ienestricted to different
types ofclimate(Janzen 1967)Conversely strong seasonality in temperate regishsuldfavor

the dominance of specidésat havebroad physiological tolerancesd are lessensitiveto spatial
variation inclimate (Sheldon and Tewksbury 2014 Previous studies have demonstrated that
niche evolution through a mutatiselection process is critical to the patterns predicted by
Janzeno6s (egyHua20I6)E0sristsidy expandsn this understanding by demonstrating
that latitudinal clines in niche breadth can adse tometacommunity dynamics at fine temporal
scales where speciation and trait evolutisrexpected tglay a minimal role in community
assembly.

Our modelsuccessfully replicatethe expected relationship between temporal variability
in the environmentnd the optimal level of dispersability in the regional pools thathape
metacommunitiee.g.,Jocque et al. 2010; Sheard et al. 2020¢ found that weak dispersers that
are also highly specialized in local conditions dominate local communities and increase their
persistence in the regional pool when the environment is temporally homodermrgrast, high
temporal variability of environmental conditions fagdispecies with increased dispersal ability
that can escape from temporally unsuitable local conditieigsire3.3). Given that (i) dispersal
ability can contribute substantially to geographic rari@dzate and Onstein 2022, but see Lester
et al. 2007)and (ii) the strength of seasonal(fyarticularly in temperaturahcreases from the
equator to the poles, omnodel wasable to recreate the underlying conditidhat lead toan
increase in range sizs a function ofatitude as predicted by the Rapoport’s r(@evens 1989)

34. Zheoreti calanRrsedipet ammns species pool attribu
relative i mportance of assembly mechani sms

Our theoretical frameworlallowed us to generate a mechanistioderstaniohg of how
landscapeharacteristicand species pools canfluenceempirical inferences about thelative
importance of assembly mechanismsnetacommunitiegFigure 3.4). The uniquecontribution
of the environment(via variation partitioning captures the importance of speess/ironment
sorting in community assemb{Zottenie 20050vaskainen et al. 2019Path analyseapplied to
the combined results of alispersal scenariaadicatethatthe strength of speciesivironment
sorting oncommunity compositiois reduced when landscapes are composed of large clusters of
suitable habitat condition3hey also indicate that speciesvironment sorting increasagen
species pools are dominated by environmental specitiatsre weak disperses (i.e., the species
sorting paradigm).

However, the direction of the relationship between dispersal ability and the contribution of
environmental variables in the variation partitioning was not constant across dispersal scenarios
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(seeSupp.Information,tables SB.I-IV). When spatial dispersatcurs agrequenly as, or more

frequentlythan temporal dispersal (i.e., the Equal and Mostly Spatial scenarios), dispersal ability

increasd the relative importance of environmental selection in community assermbiy
suggestghat theinfluence of theenvironmenton community compositiorcan intensifywith
spatial dispersalvhenit increases thdéikelihood of specalistsreaching and persisting large
numbers ofsuitablepatches Corversely this relationship becomes negative when dispersal is
constrained to be mostly tempofied., under the Mostly Temporal scenari)is pattern suggests
that fAseed bankso buffer the extinction of
the strength of the matchetween community composition and environm@ifisnoski et al.
2019)
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Theimportance otheuniquecontribution ofspace gpatial MEMS$ is typically associated
with the influence ofiispersal limitationn community assembl{Cottenie 2005, Beisner et al.
2006. We observed that community composition became more spatially structured as niche
breadth and dispersal propensity increased but decreased with landscape connectivity4rigure
This suggestshat spatial autocorrelation icommunity composition unrelated to the spatial
structure of the environmeatiseswhenspecies with weak respongesenvironmentagjradients
are constrained to dispersing to neighboring patches

Theproportionof variation in the community matrix explained by tirequecontribution
of temporal variation (AEMSs) is usually linkedtemporal autocorrelation in population dynamics
unrelated to environmental variatiregendre and Gauthier 20149ur simulations indicate that
this type of autocorrelative pattern tends to increase when temporal environmental variation is
weak (i.e., aseasonal landscapes) and generalists with strong dispersal capacity dominate
metacommunities (Figui@4). Under these conditions, stochastic events of colonization and local
extinctions outweigh the influence of spee@wironment sorting in generating temporal
autocorrelation in population dynamics. These results are aligned with previous empiriea studi
demonstring that the stochastic signature of temporal changes in community composition
increases in aseasonal landscapes where environmental heterogeneity is stronger in space than in
time (e.g.,Khattar et al. 2021)

In summary, our model demonstrates that landscape attributes and species pool
characteristics are strongly associated and should not be considered as independent axes in the
assembly process. It also demonstrates that this link can lead to variatiorelatikie importance
of assembly mechanisms along braadle gradients that encompass variation in key landscape
attributes

34. Bmpiri cal Support

While our model should not be interpreted as an attempt to scale directly with the dynamics
of any given real metacommunity, it generated testable predictions on empirical data3Bigure
For instance, atrong prediction derived from our model is that in landscapes where environmental
heterogeneity is relativelyreateiin space than in time (aseasonal landscapes, SH/TH > 0), species
pools shouldbe dominated byenvironmentalspecialists(Figures 33 and 3.4). Consequently,
environmental selectioshoutl be the primary mechanism driving community assembly in these
landscapes.Conversely generalists should dominate species pools in landscapes where
environmental conditions change relatively more in time than in space (seasonal landscapes,
SH/TH < 0). As suchit is reasonable to infer thatechanism$eyondenvironmental selection
alonelikely play a significant role imriving community assembly.

As typically observed in tropical mountains (Figu® panel A),climate (PC1 scores
varied more across elevations than over tim&TC (SH/TH = 2.12) Converselyclimatevared
more in time than across elevations in the tempeégte (SH/TH=-2.56).In Figure3.5 (panel
B), we contrasted the degree of climdbleranceof the dominant species in the regional pool of
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both landscape#s anticipate¢dthe aseasonal MTé€xhibiteda species pool dominated by climate
specialists (i.e.metacommunityweighted mean climatic tolerance = 02While the seasonal
AEF favored the prevalenceof climate generalists irits pool (metacommunityweighted mean
climatic tolerance = 1.23

As predictedFigure 3.5, panel C)variation incommunity composition in the aseasonal
MTC (where specialists dominaktéhe species poolyasmostly explained by climate variation
alone. This pattern suggests a strong influencepetiesenvironment sortingn community
assemblyin aseasonal landscapés contrastyariation in community compositioim the highly
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seasonal AEF (where generalists dominate the speciesvpaonainly explained by temporal
autocorrelation in community composition underpinned by endogenous demographic mechanisms
and theirassociatiorwith climate (Legendre and Gauthier 2014)

35Co nc | uassisounnsp,t duotdudr eect i ons

In this study, weproposé a conceptual framework for metacommunity assentidyt
acknowledges the dependency of species pool attributelarascapecharacteristics and
elucidates how their combined and individual contributions determine the relative importance of
different assembly mechanisms By doing so,we derived testable predictions underlying
geograpital pattern®of metacommunity assembiyhen inferred from empirical data.

While we recognize that our conceptual framewankl theoretical modelid not consider
other aspects of landscapes that are kndevinfluence the coexistence of specialists and
generaliststhese could be incorporated in future model versiBas.instance, recent empirical
studies have shown that the spatial frequency of climate conditions at large aswhlpatch
heterogeneityare relevant factor determining the degree of ecological specialization of species
pools (Fournier et al. 2020)

Lastly, our framework for the geography of metacommunities assumespbeaies pool
dynamics areprimarily influencedby mechanisms operating at the landscape seohiiée
intentionally disregardinghe effects of evolutionary and historical mechanisms operating at
biogeographic scaledNevertheless, our proposdcamework proves valuable inadvancing
syntheseso explorethe substantialvariation in the relative importance of mechanisms observed
in empirical metacommunitieacrossdifferent parts of largscale ecological gradientButure
studies coul@xplore how evolutionary processes mediate the relationships betaméerant life
history strategiedandscape attributesnd assembly mechanisrasthe metacommunity level
(e.g.,Mittelbach and Schemske 2015)

36Suppl ementary I nformation
36. $i mul at ed:Elxaredisddeapasscription

We started by randomly distributing 60 patches in a geographic space defined by x and y
coordinates ranging from O to 60. The degrge which any given two patches agpaysically

connected decays exponentially with Euclidean distaqig dccording to the following kernel
function:

6 & ¢t Qap b P g5) (S13.)
where the terne is the rate at which connectivity decays with spatial distaDeenectivityalues

below a threshold of THwere truncated to 0 so thHatividuals could not move between the focal
pair of patches, thus creating patches that are truly disconr(@st@&d Fournier et al. 2017y
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varyingc (here from 0.1 to 0.9) but keeping the threshold constant, we could generate landscapes
with contrasting degrees of average connectivity among patches. The degmenettivity
between any given pair of patches defines the weighted probabilispsitdl dispersal between

these patches (sé8pecies pools and metacommunity dynamiiedow). The range of values for
parameter ¢-0.1,-0.9],, which defined th€onnectivityof landscapes were defined to ensure that
generated landscapes were futlgnnected, i.e., all patches were connected to at least one
neighboring patch. This is relevant becaaseandscape with disconnected patches could bias the
outcomes of metacommunity dynamics by creating fully isolated communities. Whenever a
landscape is generated, our code tests if the landscape is fully connected. If a disconnected
landscape is generatedhete is an automatic reattempt to recreaffellly connected one by
redrawing the coordinates (xy) of patches in the 60x60 geographic space (maxtdé®@ds). Our
pretrials have shown that our function could not create fully connected landscapes when values <
-0.9 are assigned to c even after d@attempts.

The environmental conditions in each landscape were set to range in the interval [0,5] to
scale with species environmental opti(eae main textand varied in space across three different
spatial types: random, autocorrelated, and linear gradient. In random landscapes, the initial
environmental value of each patch was randomly drawn from a continuous uniform distribution
U(0,5). In autocorrelated landscapes, we modeled environmental conditions using a multivariate
normal distribution iu=0) with a covariace matrix defined as the exponential decay of
environmental similarity between pairs of patches with distgfic@nd the constant phi (here, set
at 0.15). In gradient landscapes, we modeled the initial environment of each site as a linear function
of their x and y coordinates.

To simulate seasonal environmental variation, we set local environmental conditions to
follow a sinusoidl function with 100 periodseach composed of iitne steps (e.g., 100 years)
plus a random errdi i€ . The amplitude of the sinusoidal variation in the environment over
time was modulated by a multiplicative facgfconstant across all patches). As such, the higher
the value assigned sthe higher the seasonal variation in environmental conditions. The final 60
(patche¥x 1200 (tims) matrix containing the environmental values was used to calculate an index
of spatiotemporal environmental heterogeneity, hereafter SFBHA.H was calculated as the log
of the ratio between the average variance oeth@ronment in space (i.e., SHwverage variance
across columns) and the average variance of the environment through time (i-eayvdidge
variance across rowsgH/TH values higher than O are observed in landscapes environmental
heterogeneity is strongen space than in time (i.e., spatially heterogenous but aseasonal
landscapes); values close to 0 indicate that the levahvafonmentaheterogeneity is similar in
space and timevalues lower than O indicate that environmental heterogeneity igstrontime
than in space (spatially homogenous but highly seasonal landscBpesgange of values for
parameter s that defined the strength of seasonal patterns in landscapes was chosen so that the
maximum and minimum levels of the SH/TH index were equally distant from 0 [5.61].
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36. Zpeci e®ppoateafoinmilt idons and associated assum
Species pools are broadly defined as the set of all species in a region that are available to

colonize a given local site (Cornell and Harrison 2014). Species pools are a core theoretical

construct of community assembly theory, i.e., they are an abstidogizal entity inferred from

empirical observations such as latgediversity surveys and museum data. Consequently,

operational definitions of species pools (i.e., the set of species considered in analyses of

community assembly) vary broadly among enegi studies (Cornell and Harrison 2014). The

first reason for such variation is related to the idiosyncrasies of sampling designs (e.g., differences

in the definitions of a fAregionod and a Al ocal

our aguments upon, stems from stuslyecific (implied) assumptions about the nature of the

hierarchical relationships between local and regional diversity (Fukami 2005, 2015; Cornell and

Harrison 2014). For sake of example, let's consider different, but ntiahlyuexclusive,

archetypical representations of species pools frequently observed across two widely known

conceptual models for community assembly theory: The classic maisland models

(Macarthur and Wilson 1967; Keddy 1992) and metacommunity radea)., Leibold 2004).

Below we provide a brief description of the main differences between these archetypical models

for community assembly. But see a detailed description in Fukami (2005, 2015)

Mainlandisland models for community assembly represent species pools as being
decoupled from local communities (e.g., Species pool (Mainland) in tieeS¢3.1). Depicting
species pools as being external to local communities is more than a stylish decision; it implies the
assumption that species pools are little influenced by wadbmmunity mechanisms operating at
the fine spatiotemporal scales, serving aseaternal reservoir of species that is shaped by
evolutionary and historical mechanisms opagpat broaespatiotemporal scales. This definition
of species pools is aligned with the perspective that local species composition is under strong
regional control (Ricklefs 2008). This definition also underlies the "species pool" hypothesis
(Taylor et & 1990) and its more recent analogs (e.g., Lessard et al. 2012), which propose that the
idiosyncratic evolutionary history of various species pools explains {swad variation in
community patterns and process.

In contrast, metacommunity archetypal models define species pools as the collection of all
species across local communities forming the metacommunity (e.g., Species pool
(metacommunity) in Figre Sl 3.1). Because they are formed by the combined diversity of local
communities, these models imply that species pools dynamically change at fine spatiotemporal
scales as a consequence of changes in local communities (Cornell & Harrison 2014; Fukami 2015).
Therdore, changes in local communities driven by mechasisperating at fine spatiotemporal
scales directly impact the size and composition of "species pools".

In our study, our operational definition of species pools is more aligned with the definition
in metacommunity models. By doing so we make explicit our assumption that thrantmm
association between species pools traits and landscapes can emergé @ regghanisms
operating at fine spatiotemporal scales (e.g., dispersal, drift, selection). This assumption is relevant
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in the context of our simulation framework because we deliberately did not considessbatad
evolutionary mechanisms (trait evolution, speciation, etc). We acknowledge thatsbedad
mechanisms are of extreme importance to the genesis antetomglynamics of species pools in
natural systems. However, even without considering these mechanisms, our simulation framework
was still able to recapitulate wédhown patterns in trait distribution that underly relevant
hypotheses in biogeography and macraegylJanzen 1967; Stevens 1989).

It is important to highlight that both archetypical species pools are not mutually exclusive:
"metacommunity pools" are nested within "Mainland species pools" (Cornell & Harrison 2014;
Fukami 2015). The integration of these two pools imply a feedbackibepein dynamics within
and between communities scale up to drive changes in the metacommunity pool, while the
mainland regional pool, trickles down to influence community dynamics (Mittelbach and
Schemske 2015). In our simulation framework (partiallysiitated in Figre SI 3.1) we
operationalized this integration by seeding landscapes with groups of species séaméhiaitial
distribution of continuous traits in the beginning of each simulation iteration (akin Maitslizmadl
models), to then investigate patterns in the distribution of traits in the subgroup of species that
were able to persist and dominate thelfape in the long run (the metacommunity species pool).
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R.l. Time (AEMs)}<Spatial Structure -0.1109 0.0135 0.89
R.l. Time (AEMs}-&liche Breadth 0.2906 0.047
R.l. Time (AEMs}-<Dispersal Ability 0.1644  0.0253
WOL P 9YBANRYYSY-USHTH { LI OS o6 a¢ -0.2405 0.0712
wohL ® 9Y PANRYYSy-iConnecfvityt OS o6 a¢ -00124 0.0178
WOL D 9y PANRY YS y-iSpatial $tiudtu@S o0 a ¢ 0.2371 0.0178 0.8
WOL D 9y PANRY YSy-iNiche Bieddth OS 06 a ¢ -0.9829 0.0621
wohL ® 9y PANRYYSy-iDispersél Afilit) S 0 a ¢ -0.3681 0.0334
WOLP 9YDBANRBYYSYS8HTH ¢AYS 0! 9:¢ 0.2847 0.0684
WOL D 9y PANRYYSydonnectivith YS 6! 9:¢: 0.0326 0.0171 0.82
wohL ® 9y BANRY Y SySpatial StudtuveS 6! 9 ¢ 0.0876 0.0171
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WOL Dd® 9y PANRY YSyNiche BreadthYS 6! 9¢ 1.0117 0.0596

WOL & 9y FA NPAEMSS ¥ DispersaltAhilyS 6 0.4752  0.032
WOLD { LI OS da9aBH/TH ¢AYS o! ¢ 14666 0.1217

woL d { LI OS 6 a9 a&onnectivigyA YS 0! ¢ -0.0564 0.0304

wodL ® { LI OS 6 a9 a-Bpatial Stréctury S 6! ¢ 0.2004 0.0304 0.42
woL ® { LI OS 0 a9 a-dNigheBreatith YS 06! ¢ 0.8471  0.106

WoOL D { LI OS 0 a9 a-Dispersal Abifity S 0! ¢ 0.2706  0.057

R.I. Joint All<SH/TH -0.3035 0.1521

R.1. Joint All<Connectivity 0.0169 0.038

R.l. Joint All <Spatial Structure -0.2171  0.038 0.1
R.l. Joint All<Niche Breadth -0.2497 0.1325

R.l. Joint All <Dispersal Ability -0.3409 0.0713

Correlated Errors

Niche Breadth<> Dispersal Ability -0.7892 NA NA
R.l. Space (MEMs)-x R.l. Environment -0.1255 NA NA
R.l. Time (AEMs}= R.I. Environment -0.4176 NA NA
WOL D 9Y PANRYYSY-tbR.I Efvitahn@® o0 a ¢ 0.058 NA NA
WPL ® 9y PANRYYSyiRI Envirohiret 0! 9 ¢ -0.3087 NA NA
woL ® { LI OS 0a9 adRlEnvironnahs 06! ¢ -0.3943 NA NA
R.l. Joint All<> R.l. Environment -0.2855 NA NA
R.l. Time (AEMs)= R.I. Space (MEMSs) 0.2067 NA NA
WOL d 9y JA NRNMBVMS)Y<r R.I. Sdader OS 0o -0.387 NA NA
wWOL® 9YDBANRY YSyRI SpageA YS 0! 9¢ -04693 NA NA
wodL d { LI OS 6a9 asRl.Space¢ AYS o! ¢ -0.1753 NA NA
R.l. Joint All<> R.I. Space -0.2244 NA NA
WOL D 9Y PANRY Y S¥YRI Timet(AEKS 6! 9 ¢ 0.0451 NA NA
wWoLd { LI OS da9a&RILTmetAYS o! ¢ -0.2935 NA NA
R.I. Joint All<> R.I. Time (AEMs) 0.5094 NA NA
WOL® 9YBANRYYSYHi wodLCA YOS/ COA! NP 0.6875

(MEMS) NA NA
WOLD { LI OS da9aBowoL ®AY$ITH NI 10.3975

(MEMs) NA NA
R.I.JointAll<h wodLd® 9YBANRYYSY { -0.3803 NA NA
woLd { LI OS 6a9aBhowdL ®AYE TH NI 0.5846

(AEMSs) NA NA
R.I.JointAll<h wodLd { LI OS da9aav 0.0545 NA NA
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TablHIRelsults of Path
estimati on.
Environment Z Space
standardi zed

parameter

Anal yses

"R. .

( ME Ms )

estimates) per
(components of thepvamica)i on

fitte

Joint

z

Ti me

d capyil deraibn @

Aldt't riisbut el an
( AEMs) . I n

moderat or s

( Ni che

partitioning a

Std. Std. R
Pathway .
Estimate  Error squared
Niche Breadth < SH/TH -0.9551  0.0213
Niche Breadth < Connectivity -0.044  0.0213 0.91
Niche Breadth < Spatial Strucure -0.0357 0.0213
Dispersal Ability < SH/TH -0.8014 0.0225
Dispersal Ability < Connectivity 0.227 0.0225 0.69
Dispersal Ability < Spatial Strucure -0.0114  0.0225
R.l. Environment<SH/TH -0.1066  0.0906
R.l. Environment<Connectivity 0.0078  0.0209
R.l. Environment<Spatial Strucure -0.3412 0.0196 0.91
R.l. Environment<Niche Breadth -1.0356  0.0699
R.l. Environment<Dispersal Ability 0.0664 0.0662
R.l. Space (MEMs)-SH/TH 0.1354 0.2248
R.l. Space (MEMs)-€onnectivity -0.4432  0.052
R.l. Space (MEMs)-Spatial Strucure 0.174 0.0486 0.53
R.l. Space (MEMs)-diche Breadth 0.5053 0.1736
R.l. Space (MEMs)-Dispersal Ability 0.2624 0.1643
R.l. Time (AEMs)<SH/TH -0.3312 0.0885
R.l. Time (AEMs)<Connectivity 0.1897  0.0205
R.l. Time (AEMs)}<Spatial Strucure -0.1307 0.0191 0.92
R.l. Time (AEMs}-&liche Breadth 0.628 0.0684
R.l. Time (AEMs}-<Dispersal Ability -0.013  0.0647
WOL P 9YBANRYYSY-USHTH { LI OS o6 a -0.4309 0.124
wohL ® 9Y PANERYYSy-iConnecfvityt OS 06 a -0.0784 0.0287
WOL D 9y PANRY YSy-iSpatial $tiudiur® S o6 a 0.2196 0.0268 0.86
WOL D 9y PANRY YSy-iNiche Bleddth OS o6 a -1.293 0.0957
wohL ® 9y PANRYYSy-iDispersél Aflilit) S o a -0.0124 0.0906
WOL P 9YDBANRBYYSYS8HTH ¢AYS 0! 9 04961 0.1002
WOL D 9y PANRYYSyGonnectiith YS 6! 9 01064 0.0232 0.9
wohL ® 9y PANERY Y SySpatial Studuré S 0! 9 0.0957 0.0217
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WOLd® 9y PANRYYSyNiche BreadthYS 6! 9 1.2949 0.0774

WOL D 9y PANRY YSyDispersaltAhiltyS 6! 9 0.166  0.0732

WOLD { LI OS da9aBH/TH ¢AYS 0! 14316 0.2024

woL d { LI OS 6 a9 a&onnectivigyA YS o! 0.0082 0.0468

woL ® { LI OS 6 a9 a-Bpatial Stricdrer S 6!  0.2915 0.0438 0.5

woL ® { LI OS o0a9 a-dNigheBreatith YS 6! 1.0485 0.1562

wWoOLd { LI OS 0 a9 a-Dispersal Abiity S 06! -0.1613 0.1479

R.I. Joint All<SH/TH -0.6459  0.2549

R.1. Joint All<Connectivity 0.1774  0.0589

R.l. Joint All < Spatial Strucure -0.2539 0.0551 0.35

R.l. Joint All<Niche Breadth -0.0782 0.1968

R.l. Joint All <Dispersal Ability -0.9339 0.1862
Correlated Errors

Niche Breadth<> Dispersal Ability -0.4485 NA NA

R.l. Space (MEMs)-x R.l. Environment -0.2327 NA NA

R.l. Time (AEMs}= R.I. Environment -0.2005 NA NA

WOL D 9y PANRYYSY-tbR.I Efuitchn@® o0 a -0.5315 NA NA

WOPL ® 9y FANRYYSyHRI Environnet 6! 9  0.2409 NA NA

woL® { LI OS o0a9 adRlEnvirontndhS o! -0.3842 NA NA

R.l. Joint All<> R.l. Environment -0.4287 NA NA

R.l. Time (AEMs)= R.I. Space (MEMSs) 0.2485 NA NA

WOL d 9y JA NRNMBVMS)Y<r R.I. Sdader OS 0o -0.559 NA NA

wWOL® 9YDBANRYYSyRISpateA YS 06! 9 -0.4387 NA NA

woL d { LI OS 6a9asdRl.Space¢ AYS 0! -0.1381 NA NA

R.l. Joint All<> R.l. Space 0.0712 NA NA

WOL D 9Y PANRY Y SRl Timet(AEWS 6! 9 -0.1717 NA NA

woLd { LI OS da9a&RIlLTme¢cAYS o! -0.3601 NA NA

R.I. Joint All<> R.I. Time (AEMs) 0.3121 NA NA

WOLD 9YPBANRY YSyHi wdLCIA YOS/ ZOA! NI 0.62

(MEMS) NA NA

WOLD { LI OS d6a9aBowoL ®AYSITAN 05673

(MEMs) NA NA

R.I.JointAll<h wodLd® 9YBANRYYSY -0.1733 NA NA

woLd { LI OS 6a9aBhowodL ®PAYEITAEN

(AEMSs) 0.6593 NA NA

R.I.JointAll<h wodLd { LI OS da9aav -0.0548 NA NA

79




Tabl & I18esul ts of Pat h
noapplicabl e

parameter

Anal yses
esti mat

attributable to Environment 2
esti mates) per

(Il arger
vari abl es

standardi zed
(component s pofo atchhe)

considering

Joint A

fitted
i on. "RL. .
Space ( MEMs) z

variati on

Ti me

moderators (

Std. Std. R
Pathway .
Estimate  Error squared

Niche Breadth < SH/TH -0.9594  0.0226

Niche Breadth < Connectivity -0.0298 0.0225 0.92
Niche Breadth < Spatial Structure -0.0023 0.0226
Dispersal Ability < SH/TH 0.071 0.0258
Dispersal Ability < Connectivity 0.5063 0.0148 0.46
Dispersal Ability < Spatial Structure -0.0197  0.018

R.l. Environment<SH/TH 0.1061  0.0898

R.l. Environment<Connectivity -0.0051 0.024

R.l. Environment<Spatial Structure -0.2663 0.0198 0.91
R.l. Environment<Niche Breadth -0.7439 0.0794

R.l. Environment<Dispersal Ability 0.1896  0.0695

R.l. Space (MEMs)-SH/TH -0.1579  0.2158

R.l. Space (MEMs)-€onnectivity -0.4226  0.0577

R.l. Space (MEMs)-Spatial Structure 0.0204 0.0475 051
R.l. Space (MEMs)-diche Breadth 0.4189  0.1908

R.l. Space (MEMs)-Dispersal Ability 0.0139 0.167

R.l. Time (AEMs)<SH/TH -0.2635 0.0916

R.l. Time (AEMs)<Connectivity 0.2482  0.0245

R.l. Time (AEMs)}<Spatial Structure -0.1388 0.0202 0.89
R.l. Time (AEMs}-&liche Breadth 0.6416 0.081

R.l. Time (AEMs}-<Dispersal Ability -0.1196 0.0709

WOL P 9YDBANRYYSY-USHTH { LI OS o6 a -0.5518 0.1288

wWOL ® 9Y PANRYYSy-iConnecfvitgt OS 0 a -0.0466 0.0345

WOL D 9y PANRY YS y-iSpatial $tiudiur® S 6 a 0.3076 0.0283 0.83
WOL D 9y PANRY YSy-iNiche Bleddth OS 06 a -1.4026 0.1139

wohL ® 9y PANRYYSy-iDispersél Aflilit) S o a -0.0703  0.0997
WOL P 9YDBANRBYYSYS8HTH ¢AYS 0! 9 04617 0.1201

WOL D 9y PANRYYSydonnectiith YS 6! 9 0.0096 0.0321 0.85
wohL ® 9y BANRY Y SySpatial StudtuveS 6! 9  0.024  0.0264
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WOLD® 9y JANRY YSyNiche BreadthYS 6! 9 1.3963 0.1062

WOL D 9y PANRY YSyDispersaltAhiltyS 6! 9 0.1912  0.0929

WoOLD { LI OS 06a9a®BHTH ¢AYS 0! 14685 0.1641

woL d { LI OS 6 a9 a&onnectivigyA YS 0! -0.1843 0.0439

woL d { LI OS 6 a9 a-Bpatial Strdcdrey S 6!  0.3442 0.0361 0.31

woL ® { LI} OS o0a9 a-dNigheBreatith YS 6! 1.1932 0.1451

wWoOLd { LI OS 0 a9 a-Dispersal Abiity S 06! 01504 0.127

R.I. Joint All<SH/TH -0.0807 0.3

R.1. Joint All<Connectivity 0.3189  0.0803

R.l. Joint All < Spatial Strucure -0.1707  0.066 0.34

R.l. Joint All<Niche Breadth -0.4103 0.2653

R.l. Joint All <Dispersal Ability -0.6547  0.2322
Correlated Errors

Niche Breadth<> Dispersal Ability -0.6538 NA NA

R.l. Space (MEMs)-x R.l. Environment -0.0362 NA NA

R.l. Time (AEMs}= R.I. Environment -0.2486 NA NA

WOL D 9y PANRYYSY-tbR.I Efuitchn@® o0 a -0.2255 NA NA

WOPL® 9y FANRYYSyHRI Environnet 6! 9 0.0639 NA NA

woL® { LI OS o0a9 adRlEnvirontndhS o! -0.3977 NA NA

R.l. Joint All<> R.l. Environment -0.5913 NA NA

R.l. Time (AEMs)= R.I. Space (MEMSs) 0.3263 NA NA

WOL d 9y JA NRNMBVMS)Y<r R.I. Sdader OS 0o -0.5183 NA NA

WOL D 9YDPANRY YSysR.I SpagehA YS 6! 9 -0.3609 NA NA

wodL d { LI OS b6a9 asRl.Space¢ AYS o! -0.3008 NA NA

R.I. Joint All<> R.l. Space -0.1541 NA NA

WOL D 9YDPANRYYSPBRILTmeEABMS) 6! 9 -0.0218 NA NA

wWoOLd { LI OS da9aaRlLTime¢cAYS o! -0.2049 NA NA

R.I. Joint All<> R.I. Time (AEMs) 0.474 NA NA

WOLD 9YPBANRY YSyHi wdLCIA YOS/ ZOA! NI 10,6659

(MEMS) NA NA

WOLD { LI OS d6a9aBowoL ®AYSITAN 0.5368

(MEMs) NA NA

R.I.JointAll<h wodLd® 9YBANRYYSY -0.3417 NA NA

woLd { LI OS 6a9aBhowodL ®PAYEITAEN 0.6927

(AEMSs) NA NA

R.I.JointAll<h wodLd { LI OS da9aav -0.0912 NA NA
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Tabl3 VRésults of Pactohn sAindad ryisnegs tfhe teMostl y tempor a
noapplicabl e parameter estimati on. "R. . Joint A
attributable to Environment 2 Space (MEM&éwaysds Ti me
(larger standardi zed esti mates) per moderators (
variables (components of the variation partitioni

Std. Std. R
Pathway .
Estimate  Error squared
Niche Breadth < SH/TH -0.9597 0.0226
Niche Breadth < Connectivity -0.0204 0.0225 0.92
Niche Breadth < Spatial Structure -0.0944  0.0226
Dispersal Ability < SH/TH -0.9739  0.0258
Dispersal Ability < Connectivity 0.0092 0.0258 0.95
Dispersal Ability < Spatial Structure -0.0489 0.0258
R.l. Environment<SH/TH -0.2863 0.0898
R.l. Environment<Connectivity 0.019 0.024
R.l. Environment<Spatial Structure -0.3604 0.0198 0.87
R.l. Environment<Niche Breadth -0.5859 0.0794
R.l. Environment<Dispersal Ability -0.5833 0.0695
R.l. Space (MEMs)-SH/TH 1.1738 0.2158
R.l. Space (MEMs)-€onnectivity -0.186  0.0577
R.l. Space (MEMs)-Spatial Structure 0.2789 0.0475 0.61
R.l. Space (MEMs)-diche Breadth 0.3517  0.1908
R.l. Space (MEMs)-Dispersal Ability 1.4976 0.167
R.l. Time (AEMs)<SH/TH -0.9475 0.0916
R.l. Time (AEMs)}<Connectivity 0.0566  0.0245
R.l. Time (AEMs)}<Spatial Structure -0.0933 0.0202 0.96
R.l. Time (AEMs}-iche Breadth -0.1084  0.081
R.l. Time (AEMs}-<Dispersal Ability 0.1361 0.0709

S 6a¢ -0.3803 0.1288
6a¢ -0.0267 0.0345

WOL D 9YPANRYYSY-uSH/TH { LI O
wohL ® 9y FANERYYS y-iConnecfvityl O
WOL D 9y PANRY YS y-iSpatial $tiudituce 6a¢ 01555 0.0283 0.84
WOLD® 9y PANERY YS y-{Niche Bieddth O 6a¢ -0.7419 0.1139
wohL ® 9y PANRYYSy-iDispersél Aflilit) S 0 a ¢ -0.5294 0.0997
WOLD 9YDPANRYYSY8HTH ¢AYS 6! 9:¢ 07365 0.1201
WOL D 9y PANRY YSydonnectivith YS 6! 9:¢ 0.0409 0.0321 0.81
WOL D 9y PANRY Y SySpatial StudtureS 6! 9 ¢ 0.1929 0.0264

v U U
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WOLD® 9y PANRY YSyNiche BreadthYS 6! 9:¢ 09544 0.1062

WOL & 9y FA NPAEMSS ¥ DispersaltAhilyS 6 0.66 0.0929

WoOLd { LI OS da9aBH/TH ¢AYS o! ¢ 1.078 0.1641

wodL d { LI OS 6a9 a&onnectivigA YS 0! ¢ 0.029 0.0439

woL ® { LI OS 6 a9 a-Bpatial Strictury S o ! ¢ 0.1037 0.0361 0.68

woL ® { LI OS 0a9 a-dNigheBreatith YS 6! ¢ 0.8709 0.1451

WOL D { LI OS 0 a9 a-Dispersal Ability S 0! ¢ -0.5634 0.127

R.I. Joint All<SH/TH -0.8534 0.3

R.1. Joint All<Connectivity -0.0279  0.0803

R.l. Joint All < Spatial Structure -0.2935 0.066 0.17

R.l. Joint All<Niche Breadth -0.1682 0.2653

R.l. Joint All <Dispersal Ability -0.3901 0.2322
Correlated Errors

Niche Breadth<> Dispersal Ability 0.3462 NA NA

R.l. Space (MEMs)-x R.l. Environment 0.1498 NA NA

R.l. Time (AEMs}= R.I. Environment -0.5352 NA NA

WOL D 9Y PANRYYSY-tbR.I Efvitahn@® 0 a ¢ -0.1065 NA NA

WOL D 9y PANRY Y S VYR Envirohriveit 6! 9 ¢ -0.4334 NA NA

woL® { LI OS 0a9 admlEnvironnahs 06! ¢ -0.1236 NA NA

R.l. Joint All<> R.l. Environment -0.1193 NA NA

R.l. Time (AEMs)= R.I. Space (MEMSs) 0.4642 NA NA

WOL d 9y JA NRNMBVMS)Y<r R.I. Sdader OS 0o -0.6688 NA NA

wWOL® 9YDBANRYYSyRISpageA YS 0! 9¢ -0.7772 NA NA

wodL d { LI OS 6a9asRl.Space¢ AYS o! ¢ -0.2832 NA NA

R.l. Joint All<> R.l. Space -0.0047 NA NA

WOLD 9YPANRY Y SPRILTmeEABMS) 6! 9¢ 0.0276 NA NA

woLd { LI OS da9a&RlLTme¢tAYS o! ¢ -0.0298 NA NA

R.I. Joint All<> R.I. Time (AEMs) 0.1037 NA NA

WOL® 9YBANRYYSYHi wodLCA YOS/ COA! NP 0.6743

(MEMS) NA NA

WOLD { LI OS da9aBowoL ®AY$ITH NI 0.6418

(MEMs) NA NA

R.I.JointAll<h wodLd® 9YBANRYYSY | -0.336 NA NA

woLd { LI OS 6a9aBhowdL ®AYE TH NI 0.7693

(AEMSs) NA NA

R.I.JointAll<h wodLd { LI OS da9aav 0.1545 NA NA
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36. Empirical $Smpgmoreta:td i Bantad yses
Moth metacommunity in the MTC (data from Maicher et al. 2019)

Data publicly available taken from https://doi.org/10.5061/dryad.mgqnk98vr
Data cleaning:

Our analyses considered only moths that were collected using light traps (i.e., we filtered
the data to remove butterflies and figeding moths). As such, out of the 1,099 species of
Lepidoptera collected, our final analyses only considered 561 spe¢s=e
MTC_Metacommunity.txt file). Information about the sampling design can be found in Maicher
et al. (2019).

Species were sampled across 7 elevations (30, 300, 650, 1100, 1450, 1850, 2200m.a.s.l) in
three different moments of their growing season between the years e2@074According to
Table 1 in Maicher et al. (2019), the "Wet to Dry" season comprises ahtéhsnof October to
December; the Dry season goes from January to February; the Dry to Wet season goes from March
to May. We used this information to extract the climate variables from (Karger et al. 2017) for
each sample site between 2@017. The clima data used in further analysis
(Climate_moth_MTC.txt) represent the monthly values of mean, maximum, minimum
temperature, and precipitation per elevation averaged acros20014

Moth metacommunity in the AEF (Miller and Jones 2005)

Data publicly available taken from
https://doi.org/10.6073/pasta/Ocebe58bcc514e2bbf890ee7b2ea2lcl

Data cleaning:

Moths were sampled in the AEF from 1994 to 2004. However, only in 2004, the year we
used in our analyses, were moths systematically sampled in the totality of the growing season
(from May to October). Moths were sampled in 12 plots (each with one or bygi@is) along an
elevational gradient ranging from 400 to 1400m.a.s.l. We summed all moths collected across sub
plots in a given moment in time to define species abundance in a community. Monthly climate
data was extracted from the average latitude anagiticde of subplots in a plot
(Climate_moth_AEF.txt). No moths were collected in the plots in high elevations in May, so they
were removed. In total, 367 species were considered in the final analyses
(AEJ_Metacommunity.txt)

Reanalyzingempirical data considering elevational ranges of similar length

After removing samples in the MTC, we observed that the SH/TH decreased from 2.12 to
1.09, indicating that the strength of SH in relation to TH decreased when we reduced the total
elevational range. However, it is important to note that the SH/TH rempasgtive, suggesting
that even with similar elevational gradients, SH continued to outweigh TH in the tropical
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mountain. This pattern aligns with Janzen's seasonality hypothesis and reinforces its applicability
in the mountainous landscapes of our study system.

The differences in the metacommunitgighted mean climate tolerance calculated for
both species pools remained qualitatively the same. That is, the climatic tolerance of species in the
AEF species pool is higher than the estimate for the MTC pool (AER; MTC =0.27).

As for the variation partitioning, we observed that the proportion of total explained
variation attributable to "Purely Climate" decreased in the MTC, while the contribution of Space
and Shared Climate and Space increased. However, it is worth notitigethelative importance
of Purely Climate in the MTC was the second highest and remains qualitatively higher than what
was observed in the AEF dataset.

Collectively, these results indicate that the predictions derived from our simulation models
hold despite differences in the sampling design of both datasets

A
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Chapté&coWlbsesgieati on of di sper sal str
| mpact of | andscape features and com

4 Albstract

Dispersal is simultaneously a cause and a consequence of metacommunity dynamics. While the
influence of dispersal on metacommunities is subject of intense research, we still do not understand
how speciespecies and speciesvironment relationships detama the success of different
dispersal strategies in metacommunities. To address this, we employed simulation models
considering species with distinct conteldpendent dispersal strategies involved in the three stages

of dispersal (departure, transienand settlement). These species were allowed to reach
coexistence at the metacommunity scale under various competitive hierarchies and different levels
of spatial and temporal environmental variability. By assessing the dispersal strategies of species
that persisted and dominated metacommunities, we could understand how metacommunity
dynamics impose ecological selection on dispersal. Our simulation model reproduced empirical
patterns in species dispersal across different scales, ranging from changes uoctdss &f
dispersal strategies caused by local intraspecific and interspecific competition, to observed shifts
in dispersal strategies along breszhle ecological gradients. Additionally, we derived new
empirically testablepredictionsregardinghow metacommunity dynamicselect fordifferent
dispersal strategies. Collectively, our results foster a comprehensive understanding of the factors
influencing the success and diversity of dispersal strategies in a large array of ecological contexts

4. 2 |l ntroducti on

Dispersal is the ecological process where individuals depart from their natal patches, move
across the landscape, and eventually establish themselves in breeding patches. Fsiiggaulti
process regulates the spatial and temporal dynamics of natural systems across all levels of
ecological organizatiorNathan et al 2008 Kubisch et al. 2014; Bonte and Dahirel 2017). At the
metacommunity level, dispersal governs species coexistence (Zhang et al. 2021) and influences
community invasion success rates (Brown and Barney 2021). As a result, dispersal impacts
diversity patterns wthin (alphadiversity), between (betdiversity), and across local communities
(gammadiversity).

Though much research has examined dispersa
and diversity (see Schlagel et al. 2020 and references within), our understanding of its role as a
consequence of these dynamics is limited. For instance, delegigndentibtic interactions can
regulate the decision of organisms to disperse or remain in their natal patches (De Meester et al.
2015; Fronhofer et al. 2015, 2018). Similarly, resource availability (Fronhofer et al. 2018),
spatiotemporal heterogeneity (McPeek addlt 1992; Buchi and Vuilleumier 2012), and
| andscapesd physi c a-Silvaceb al.n2016)t carv impoge ecoldgcal randq u e s
evolutionary constraints on dispersal. The complex interplay between metacommunity dynamics
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and dispersal remains underexplored, yet discerning the forces governing species dispersal is
crucial to understand the potential impacts of global change on biodiversity (Urban et al. 2016).

To understand how and why metacommunity dynamics should influence dispersal patterns
in metacommunities, we need first to acknowledge the ssiadtie nature and contedépendence
of dispersal strategies, which are intentionally simplified in the founaatiramework of
metacommunity theory (Bichi and Vuilleumier 2012; Thompson et al. 2020). Dispersal arises
from balancing decisions involving the timing to leave natal patches (i.e., emigration propensity),
travelling distances (i.e., traversal), and thkeestion of a suitable new patch to settlement (i.e.,
habitat selection). This sequence of decisions determine the three stages of dispersal events,
namely departurdransienceand settlemensénsuClobert et al. 2009). Dispersal decisions are
contextdependent (plastic), meaning that organisms adjust them based on information about the
surrounding biotic (e.g., predation, kin competition, and iraral interspecificompetition) and
abiotic (e.g.,resource availability, spatiotemporal environmentaiatem) conditions (Bowler
and Benton 2005). For instance, organisms are more propense to leave their natal patches when
local performance (i.e., fitness) is reduced via strong competition (intraspecific or interspecific),
predation, resource scarcity, umsuitable abiotic conditions (Fronhofer et al. 2015; Campana et
al. 2022). These contette pendent deci si ons wunderly changes
maximize regional fitness and/or minimize local mortality across different ecological contexts
Lastly, contexddependent variation in dispersal strategies are spspexsfic (De Meester et al.
2015; Fronhofer et al. 2018; Campana et al. 2022). Thus, even species that are evolutionary closely
related may still exhibit contrasting changes in €eispl strategies when subjected to varying
abiotic and biotic conditions (De Meester et al. 2015; Campana et al. 2022).

Given that metacommunity dynamics result directly from spespesies and species
environment interactions, they should favor species from the regional pool whose dispersal
strategies maximizes their persistence and dominance in the landscape (Buchill@odniér
2012). For instance, species exhibiting a dispersal strategy characterized by a rapid increase in
emigration propensity when local performance is decreased should have an advantage in persisting
and dominating metacommunities in landscapes thatergo temporally variable habitat
conditions (McPeek and Holt 1992). Species that adopt a-Spstading” strategy, in which
individuals choose to colonize suboptimal patches that have the potential to become optimal in the
(relatively) short term, arexpected to be favoured by temporal environmental variability. In
metacommunities where competition dynamics hinder local coexistence (i.e., heterospecific
competition is stronger than intraspecific competitisaeChesson 2000), species capable of
reaching suitable habitat patches ahead of competitors have the potential to establish regional
dominance through residency effedsrisuKemp and Wiklund 2004).

Testing these (and potentially other) predictions about the ecological selective pressures of
metacommunity dynamics on contaldpendent dispersal strategies remains challenging for
multiple reasons. Broasktale observational data on mudfiecies dispsal strategies are scarce
and experimental studies are commonly constrained by the number of species and environmental
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predictors that can be manipulated (but see De Meester et al. 2015; Campana et al. 2022; Cote et
al. 2022). Moreover, these studies are often conducted along a narrow range of ecological
conditions, restricting their ability to capture the large rangeonélitions that could potentially

drive variation in the success of distinct (cortd&pendent) dispersal strategies.

Here we sought out to expand our understanding about how landscape features and
competition (ecologically) select for distinct conteddpendent dispersal strategies in
metacommunities (Figuréd.l). We employed procedmsed metacommunity models to assess
how the interactions between landscape features and competition (i.e., metacommunity dynamics)
select for dispersal strategies involving emigration propensity, habitat selection, and traeersal (i
travelling distance). We allowed species with distimmitextdependent dispersal strategies to
reach coexistence at the metacommunity scale under different types of competition types and under
varying levels of spatiotemporal environmental variability (ifggt.1). By assessing the dispersal
strategies of the species that persisted and dominated metacommunities, we were able to derive
informed predictions regarding how metacommunity dynamics impose ecological selection on
dispersal. Moreover, we demonstrated tibe integration of speciegpecific contextlepadent
dispersal strategies into the basis of metacommunity theory can help us to understand the
interdependence between community assembly and dispersal.

4 Met hods

For the sake of brevity, we only briefly describe how we simulated landscapeslainel
patchmetacommunity dynamics here. An extended descrigifound in Supplinformation.

4. Bimul ated | andscapes

We generated 25 landscape types following a eiassrial design combining levels of
spatial autocorrelation (teleft panel in Figured.1) 5 levels ofseasonality (topight panel in
Figure4.1) in environmental conditions. We chose thegelandscape featurégcause thelgave
been shown to impose costs and risks to species movem&tingecological and evolutionary
constraints on dispersé@icPeek and Holt 1992; Bichi and Vuilleumier 2012ach landscape
typewas composed of 50 habHaatchesvith randomly generated x and y spatial coordingtes
Supp. Information for more details).

4. Paz2zametrizing competitive dynamics i n metac
We seeded landscapes with species pools of different sizes (richmessls: 50 and 300

speciespndassumed distinct types of competition among species (bd¢tibrand bottoraright

panels in Figuret.l). Species pool sizesdfect metacommunitgompetitionstrength,aslarger

poolsintensify competition forimited patches. Weonsideredlifferent types of competition by

manipulating the pecapita effects of species on themselves and their peccapita effect

on other specieg (Thompson et al. 2020; Wisnoski and Shoemaker 202@pilizing

competition |( | ) promotes local stableoexistenceenablingrare specieto growth

positivdy when populations of dominant competitors are in equilibrium. Under equalizing
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niche requirements and/or display contrasting dispersal strategies. Under destabilizing competition
( | ), local coexistence is unlikely because dominant species will lead rare species to
local extinction even if those are better adaptgobtochconditions.

4. Mel3 acommunity dynamics

Our model simulatesnetacommunity dynamidbat are spatially explicit, discrete in time,
and governed bwithin-patch selectiorfdensitydependentompetitionat the intraspecific and
interspecific levels anddensityindependent speciesvironment sorting), dispersal, and
ecological drift(as inThompson et al. 2020\Vithin-patch selection wasnodeledas a Beverton
Holt growth model(Beverton and Holt 1957yith generalized Lotkd/olterra competition
assuming distinct competitive structures (i.e., stabilizing, equaliongjestabilizing. An
extended description of the model is foun&upp. Informatior{seeeq. Sl4.1 and SK.2).

Individuals able to persist in any given local community after wiglatch selectiomnd
drift at timet could then disperse. Contedépendencen dispersal strategiesas introduced by
making species emigration propensi@ 0, traversal probability”Y0, and habitat selectiof"Y
to change as a function of local performaiigeren by joint influence of competition and niehe
habitat matching)geographic distance, aedvironmental suitabilityrespectivelyThe shape of
these relationships was made spespscific by randomly assigning different values of
parametergp, tp, andhsto each species in the regional pool.

Emigration propensity® () definesthe probability that an individual leaves its natal patch
given its current local performance. Based on previous experimental steidieé~ronhofer et
al. 2018), we assumed that species were npoopenseao emigrate when local habitat conditions
and/or biotic interactions decreased their local performahge, given byeq St2). As such the
emigration propensity of specief sitej at timet (O 0 ;) decreasedbith local performance as
follows:

Olr 0 2QmARH2QN 9
whereQ rjis speciespecific equally spacedalueswithin the interval {0.1,0) U (0,0.1that were
then randomly assigned to each spécisddeterminedhe rate of change i@ Usj; as a function
of 0y (scaled to range between 0 and 1@0)letermines the concavity of the relationship and
was defined as:

p QO m

p QO m

If Q< 0(and consequently p , emigration propensitgteeply decreased evenaw

levels of local performance (i.e., as observed in species 2, 5, and 6 in &£lguentral panel).
This strategy can be advantageous when local performance is temporally atableg for

competitiveadvantagelue to residency effects. In contragtecies for whicfQ n> 0 (6 P)
wereprone to emigratéom patchevenif those providedigh local performanceaé observed
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in species 1, 3, and 4 Figudel, central pangl This strategy can be advantageous when local
performance changes abruptly due to environmental fluctualibts; (which is scaled to range
between 0 to 1) sehe probability of succesm binomial trials determiningthe number of
emigrants of speciagleparting fronsite| at timet (Opf;) after withinpatchdynamics given by

the first term okeq.SH4.1).

We relied on a random sampling process to determine the total number of immigrants of
species that will arrive at patchat time t("Q ) coming from other patches, e.g., pakcltOy ; .
Thatis, et D = {x, }h B & fthepotential destinatiopatchfor emigrants that departed frokn
Let P ={ pikxs, Bav1 & 8ud)fbe tBe set of probabilitifer species to immigrate toeachpatch
in D when departing fronk at timet (scaled to sum to unit). Note thakk:was set to 0 so that
individuals that departed frokcould not return to the same patch. Considering tlvas&ectors,
arandomsampling process withinequal probabilities ameéplacement was repeated ;, times.
The number of timepatchj wassampleddetermined the number of individualst of the total
that departed frork (O thatimmigrated to patchat time t (Q j). It follows that'Qp, i.e,
the total number of individuals of speciethat immigrated tg in timet, was then givery the
sum of the total number of immigrants coming from all patches in the landscape.

We assumed thammigration probabilities increased with habitat suitability in the extant
patch and decreased with the geographic distance between natal and extant Tiaishps;
wasgiven by:

Arr O¥r 2 Y ]

"O"Y represents specieégprobability to move to patchat timet based on the match
betweerthe environment if (O¢ p and theirenvironmental requirementsg., environmental
suitability, computed irthe second term aq. S1.4.2). We assumed that species coatsesshe

environmental suitability of extant patches at titneefore deciding where to immigrate (i.e.,
informed dispersal). As sud®™Y; increases with habitat suitability as follows:

0¥ 0VZQwREVQ £ & HONO GO Qagd
where'Q is speciesspecific equally spacedalueswithin the interval {0.1,0) U (0,0.1that were
then randomly assigned to each spgcigsterminingthe rate of change ifO"¥; with
NEVQI €&t NN ®EedD dange between 0 and 10@). set the concavity and
direction of this relationshipnd was defined as

p QO 1

p QO

As such, species witld < 0 (and consequently @ p) displayed a rislspreading

strategyas they also tended to immigrate to patches with suboptimal habitat conditions (e.g.,
species 1, 4, and 6 in Figu4el, central panel). This strategy can be advantageous in landscapes
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with temporally variable habitat conditior@onversely speciehiaving@ > 0 (and consequently
alu p) tended to immigratenly to patches wittoptimal or close tamptimal environmental
conditions €.g.,species 2, 3, andib Figure4.1, central panel). This strategy can be advantageous
whenenvironmental conditionare temporally constaacross alpatches.

"Y(y is the probabilityof species to movefrom patchk to j according tdheirgeographic
distance"Y0y; decayedvith the (Euclideanjlistancebetweerk andj (Q Qi as follows:

YFE Qo EQQ 6 18

whereo njis speciesspecific(equally spacestalueswithin the interval {0.99,-0.01], that
were then randomly assigned to each speciedyeterminedhe rate at whicliY(; decayed
with ' Q "Qi . @he smaller th@ 1) the more limited the number of nearby patches a speocigd
reach in a single dispersal event (e.g., species 2, 4, and 5, #ijoentral panel). High traversal
capacity (e.g., species 1, 3, and 6) shoultheredin landscapes where local habitat conditions
are temporally variable, weakly autocorrelated in space, and when intraspecific competition is
strong.

Lastly, werepeated thasimulation frameworldescribed above considering two distinct
assumptions about species ecological equivalé¢see Suppinformation for details) In one
specieswere set to exhibitlistinct (nonneutral) performances along the environmental gradient.
Then species niche optima took values equally spaced along the interval [0,5] to scale with
environmental variationNote that niche tolerance wasset to beequalfor all species and
narrow enough to makbemrespond to environmental variation (s&gp. Information). In the
secondassumptionwe generated specigs haveequal (neutral) species' responggsanges in
performance)to environmental variation. This was operationalized by assigning the same
environmental optima to all species E average valuef environmental conditionsbserved in
the generated landscgpBy contrasting simulation outputs between these dgsumptionswe
could investigate how species ecologiequivalenceeanmodulate éither buffer ommplify) the
ecological selectionf metacommunity dynamics on successful dispersal strategies

4 450 mul ation iterations

Metacommunity dynamics were set to run for 1-2@fe steps (100 seasonal cyglésach
combinationof scenarios was replicated 20 times, totalizing 6000 simulation iteraf&ihs
replicates 5 seasonality levels 5 spatial structure levels 2 species pool sizes3 competitive
structures 2 types of responses to environmental variation). At thetifirs step (1), weseeded
each patch with species abundances randomly drawn from a Poisson distrésati@®). Then,
during the first ten seasonal cgslof each iteration (i.e., the first 120 thsteps), we seeded each
patch with species abundances randomly drawn from a Poisson distriittioa= 0.1 This
seeding procedure ensured thpecies had equal chances to be initially preisealt patches and
thatpatches with similar environmental conditions could harbour different communities over time
due to priority effect§Thompson et al. 2020Metacommunity dynamicgvith no seedingjan
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for the remaining 1080 timsteps (i.e., 90 seasonal cyglaadwe considered the metacommunity
in the 108" seasonal cycle (last 12 tirsteps) forour analyses (see below). This ensured that
model summaries were based on stable rather than transient metacommunities.

We estimatedhe most successful dispersal strategy as the metacomaneghited mean
values ofep hs, and tp, where the weights were given by a species' regional abundance
occupancy (i.e., the relative number of patches occupied in the landdt@palso estimated the
metacommunityweighted standard deviation efp hs, and tp to quantify the "diversity" of
dispersal strategies that resulted from metacommunity dynamics.

4 . 53Under st anldda mdgs chagpve f eat ur es a@red e cdoi nsgdpertristailo
strategies i n metacommunities

We used random forest issessiow the metacommunitweighted mean and standard
deviation ofep, hs andtp (continuous response variables) changed as a function of variation in
seasonality (ordinal predictor, 5 levels), spatial autocorrelation (ordinal predictor, 5 levels), the
seeded richness of competitors (ordinal predictor, 2 levetsiferent types of competition
(categorical predictor, 3 leveJsand different assumptions about species niche differentiation
(categorical? levels) Random forests identify general patterns in cfassorial simulatiordata
as theyautomatically model the effectof multilevel interactions amongredictors on the
response. We used the Boruta algoritiffursa and Rudnicki 2010j}o reduce model
dimensionality and identify the most relevant predictors explaining variation in the
metacommunityweighted mean and standard deviatioemths andtp. Partialdependence plots
revealedhe direction of predicteresponseelationships, controllindor othermodelpredictors.
We used bootstrapping to estimate 95% confidence intervals of predicted respepist=d in
the partial dependence pldtshwaran and Lu 2019)

4 Rlesul ts and Discussi on

Landscape features and competition dynamics had complex interactive effects on the
success and diversity of dispersal strategies (i.e., metacommneigiited mean and standard
deviation ofep, hs, and tprespectively. Overall, the emigration propensity of the dominant
species in the metacommunity decreased relatfastywith initial increases in local performance
(i.e., ep < 0). Additionally, dominant speciewere highly selective for optimal conditions in
destination patches (i.eas> 0) andcould traverse largéistances in a single dispersal event (i.e.,
ts >-0.5) (Figure 42). Note though thabptimal contextdependendispersal strategies and their
diversity changed consistently across |l evel s
competitorsd seeded r i cbredSamx Figirashdd Foctioeragkedf i t i on
tractability and synthesis, we focusedreporting and discussirthe maineffects of landscape
features and competitiagpeson the success and diversity of dispersal strategies. However, we
also highlight and discuss sonmégh-order interactionsamong predictorghat increased our
understanding aihodel outcomes (FigesSl. 4.1-1V).
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4. hef fefcasdscapet heasucesesoemamnsgpedisaedr sitryat e@fyg

In temporarily homogeneous (aseasonal) but spatially heterogeneous landscapes, species
with lower average emigration rates (lower valuesgfwere more successful in persisting and
dominatingmetacommunitie¢Figure 4.3 and Figire SI. 4.1). This becauseigh emigrationfrom
temporally stable and higtperformng patchescan negatively affect species’persistence, as
reducedocal abundanceisicreases risks dbcal extinctionfrom demographic stochasticity and
competitive exclusioriSiqueira et al. 2020)n contrast, when habitat conditions were seasonal,
metacommunity dynamics favoured nomabl@haviours characterized bygh emigration rates
despite high levels of local performance T h e s e i n 0o magartiulasyfevauiecevehenw e r e
theywere also able to colonize several extant patches in single dispersal events (tevdiighs
Figures 4.3 andSl. 4.1). Essentially species with high emigration rates and traversal capacity can
rapidly shift their spatial distribution to cope with abrupt changes in local performance due to
spatial and temporal variability in habitat conditighcPeek and Holt 1992; Sheard et al. 2020)

Empirical studies investigating latitudinal clines in species dispersal observed a similar
influence of seasonality in selecting for higher emigration rates and traversal capacities. For
instance, the relationship between seasonality and dispersal abgserwer model serves as
theoretical evidence that the conditions for the emergence cka@Nn latitudinal patterns on
species range sizes and dispersal capacity @hgard et al. 2020; Alzate and Onstein 2@22)
emerge by only considering metacommunity dynamics at fine spatiotemporal scales (i.e., no need
to consider trait evolution and speciation, but see conclusions).

Note that when we assumed equivalent species' environmental responses to environmental
variation (i.e., neutrality), the relationship between seasonality and metaconynaigtyied
meanep and tp remained positive (Figes4.3 and Sl4.l). However, under this assumption,
seasonality had a negative effect on the metacommueityhted mearins. This implies that
when species are neutral relation to their habitat requirements, dispersita temporally
unsuitable patches despite therisks, allows their persisence and dominancen seasonal
landscapesThis is because colonizing briefly suboptimal patches enable them to bitbaden
spatial occupancy while avoiding intense competition.

In our model, the effect of spatial autocorrelation fostered insights into the influence of
spatial uncertainty in habitat conditions on species' dispersal stratemjee$4.3 and Sl4.1).
Species capable of minimizing dispersal risks by effectively tracking habitat conditions and
reaching a larger number of patches (i.e., higieand ts values) were more successful in
landscapes with weak spatial autocorrelation. In contrast, when habitat conditions were strongly
autocorrelated in space, less selecspecies exhibiting weaker traversal capacity (i.e., Itwwer
andtsvalues) were more likely to persist in the metacommusS8ipatial autocorrelation modulates
the respective success of dispersal strategies by determining the costs and risks of dispersal events.
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traversal capacity diminish, as there are fewer unsuitable patches accessible from suitable ones.
Our results align with previous theoretical modelghich observed that strong spatial
autocorrelation favoured species with reduced traversal capacity, while weak autocorrelation
favored species with strong traversal capa(rchi and Vuilleumier 2012)They also support
empirical findings demonstrating that species adopt passive dispersal, a strategy characterized by
weak habitat selection, when landscape structure is characterized by large clusters of patches with
suitable habitat condition(onte et al. 2006)

It is important to note that when the niche differentiation assumption was relaxed, spatial

autocorrelation had negligible effects on selecting for optimal traversal capacity strategg<Fig

4.3 andSl4.). In our model, the neutrality assumption increadeesnumber of species competing

for a limited number of patches having equally suitable habitat condifdsmdiscussed belova,

rise in species competing fasimilar habitat conditions favoured thoséth greatertraversal
capacitythat enable them to escapecal competition.Consequentlythe selection for high
capacity traverserns highly competitive metacommunitiesfsetsthe selectiorof species with

low traversal capacity in spatially structured landscapesi(Etj. 4.1).

The diversity of dispersal strategies (weighted standard deviatem lo§ andtp, Figure
4.4) also changed as a function of landscape seasonality and spatial autocorrelatics (@i
and S| 4.11). Seasonality decreased the diversity of strategies related to habitat sed@ction
traversal(i.e., the metacommunityeighted standard deviation b$ andtc, respectively. Only
highly selective species with lordjstance traversal capacities could persist when local conditions
fluctuatedsubstantially over time. Alternatively, the diversity of emigration propensity strategies
(i.e., metacommunityveighted standard deviation @&jp) increased with seasonality. Thus,
although seasonality tended to favepecies with relatively higher emigration rates, species with
lower emigration ratesould persist provided they accumulated enough individuals to buffer
mortality in temporally unsuitable conditions (i.e., storage eff€@ttesson 2000)

Moreover spatial autocorrelation in habitat conditionstably diversfied traversal
capacityand habitat selection strateg{&sgures 4.4andSl. 4.1). This is because large clusters of
suitable habitat conditions decrease the risks of dispersing to unsuitable habitats which, in turn,
facilitates the persistence of species with suboptimal strategies for traversal and habitat selection
in the metacommuty.

4. i hz edtfoemepest i ti on dynamics on the ssiccess al

Research in metapopulation and movement ecology extensively explores how-density
dependent process@sonhofer et al. 2018; Baines et al. 2020¢luding intraspecifi¢Bitume et
al. 2014)and interspecific competition(Fronhofer et al. 2015)nfluence dispersal strategies.
Consistent with these, our results indicate that increases in competition associated with larger
species pools sizes favoured species with (i) reduced emigration propensityefiomatres); (ii)
pronounced selectivity towards habitat patch condition (i.e., higbealues), and; (iii) strong
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traversal capacity (i.e., highksvalues) (Figire4.3). These results held true across assumptions
about niche differentiation and all types of competitive dynamics(Egl 4.111)
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Species with reduced emigration propensity were favaatremjherspeciesichness levels
because they ensured competitive dominance by maintaining large local populatiares @y
and Sl4.111). The effectiveness of this strategyas maximized under destabilizing competition
but minimized under stabilizing competition. Indeed, when intraspecific competition is stronger
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than interspecific competition, species with higher emigration propemsigyable tanitigate the
negative effects ahtraspecific competition while keeping smaller viable populations in a larger
number of suitabKaabitat patches.

The success of dispersal strategies characterized by high traversal capacity increased with
the initial number of competitors seeded in the metacommunity. This strategy had even greater
success when intraspecific competition matched or surpassed inifecsgmeopetition (i.e., under
equalizing and stabilizing competition, respectively,urggSI 4l1l). Such trends resonate with
empirical and theoretical studies that examine how population density, an indicative of
intraspecific competition, impacts dispal. Typically, these studies demonstrate that high
densities increase emigration rates, particularly to patches farther away from their natal patch (see
Matthysen 200%&nd references within, aRltume et al. 2014)Our models shed deeper light on
this dynamic, demonstrating that the relative strength of interspecific to intraspecific competition
can either intensify or mitigate the | atteros

We also observed that increasing the number of competitors favoured species that were
more efficient in tracking and colonising suitable habitat conditions (higherlues Figure4.3).
This efficiency was even greater undezutralcompetition dynamicgequalizing competition,
Figure Sl 4.111). Under equalizing competition, only species capabléraifking the limited
number of patches where adequate nieh@ronment matching outweighs the negative effects of
competitive interactions can coexist in #amdscape. Taken togethespecies thaivere equal
competitors but highly selective towards different habitaisld coexist regionally through
speciesenvironment sorting dynamics.

Overall, the diversity of contextependent dispersal strategies in the metacommunity
decreased with the number of initial competitors seeded in the landscapegFgand SK.1V).
Thus, when a larger number of spea@espetedor a few suitable patches, only a narrow range
of dispersal strategiesuld ensure their regional persistendiatably, the diversity oftraversal
capacityand habitat selectiostrategiestp, andhs) did not follow ths trend under destabilizing
competition. In this casenly specieswith differences movement patterimsthe landscapeere
able tocoexist at thanetacommunityscaleby dominating distinct clusters of suitable patches
(Zzhang et al. 2021)In contrast, the diversity of dispersal strategies tended to increase when
coexistence was facilitated through stabilizing competition.

4 . Gonclusions, assumptions, and future dir

In this study, waeised models to demonstréitat dispersal not only shapes the structure of
metacommunities but also emerges from metacommunity dynamics. Previous theoretical and
empirical studies that shared simiggralsfocused on investigating the ecological drivers of fixed
behaviourdnvolved in one or two stages of disperdlichi and Vuilleumier 2012)0ur study
stands out as the first tsemetacommunity theory to generate predictions regarding the selective
effects of landscape features and competition dynamics on sgeei@fic contextlependent
dispersalbehavioursinvolved in all three dispersal stages (i.e., departure, transience, and
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settlement). Our models effectively recreated wathwn variations in dispersal patterasross
spatial scalesincluding changes caused by different forms of intraspecific and interspecific
competition at locadpatialscalesand alsashifts in dispersal patterns along bresle ecological
gradientsThus ourstudy improves thenderstanding of the factors influencing the success and
diversity of dispersal strategies in a large array of ecological contexts.

However, our simulation models did not encompass the full complexity of species dispersal
and its intricate relationships with metacommunity dynamics. For instance, we did not consider
costrelated tradeoffs that can cause covariance between dispersalphuolmgical, and
behavioural traits. For instance, colonizatmympetition and ecological specializatidispersal
tradeoffs can emerge as eewolutionary consequences of community assembly in landscapes
with varying levels of environmental stabilitychabitat heterogeneifChesson 2000; Jocque et
al. 2010) Therefore, we should expect these dispersal ®véideto also be selected by the
metacommunity dynamics.

Moreover, ve focused solely on how competition at both intra and interspecific levels
affects dispersal patterns in metacommunities. Yet, empiqatrimental studies suggehat
other biotic interactionsan select for optimum contedependent dispersal strategidsor
example, predation riskcan drive emigratiorfFronhofer et al. 2018yhile parasitism caimave
dual effects omnost dispersait can stimulate movementtiie hosperceiveshreat andelocates
or it can inhibit movement if the host stays and becomes inf@@tades et al. 2020hcorporating
theseand othebiotic interactions into our framework is a logical progressioridtureresearch.

Lastly, in our model, although we investigated how biotic and abiotic factors selected for
a wide range of predefined traiegp( hsandtc) that determine speciapecific dispersal strategies,
we did not consider trait evolution at the species level. Trait evolution is an important component
of metacommunity theoryUrban et al. 2008; Goodnight 20119nd the literature includes
examples where the role of dispersal for maintaining biodiversity in changing environments is
counteracted by the evolution of traits determining species' habitat requirgitemspson and
Fronhofer 2019)Moreover, we also did not consider the full range of possibldinear changes
in dispersal strategies commonly observed in nature. For instance, we assumed that emigration
propensity decreased monotonically and continuously with local performanceveiguillee
effects or other denskgependent behaviours could lead to a wide range oflinear
relationships between population density, and hence local performance, and dispgrsal
shaped or threshold functiorfBronhofer et al. 2015; Poethke et al. 2016) address these
limitations, future studies could build upon our modelling framework to explore how trait
evolution and a wider range of dispersal strategies are modulated by landscape features and
competition dynamics.
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4. 6 Supplementary I nformati on

4. @imul ated | andscapes: Extended description
We generated 25 landscape types following a efaxssrial design combining 5 levels of
seasonality (topight panel in Figurd.1l) and 5 levels of spatial autocorrelation (teft panel in
Figure4.1) in environmental conditions. We chose these two landscape features because they have
been shown to impose costs and risks to species movement that ultimately dictate ecological and
evolutionary constraints on disperglsicPeek and Holt 1992; Biichi and Vuilleumier 2012)

We started byassigiing 50 patches into the landscape by drawing their x and y spatial
coordinates from a uniform distribution ranging from 0 to 60. Environmental conditions at the
patch level were defined by a single continuous variéDle )y spatially autocorrelated across
patches and bound within the interval [0,5]. Spatial habitat autocorrelation in the environment was
generated by random draws from a multivariate normal distribution (mu=0) with a covariance
matrix set as the desired sphtautocorrelation level. Covariae matrices were created such that
environmental similarity decayed exponentially with geographic distance accordiingByp
manipulating the levels ai we generated landscapes where environmental conditions ranged
from weakly autocorrelated (e.g.=-0.9) to strongly autocorrelated (e.d.5 -0.01).

To simulate seasonal environmental variation, we set local environmental conditions to
follow a sinusoid function with 100 periods, each composed - steps (i.e., 100 years) plus
arandom errob TiT® that served to mimic the effects of temporal environmental stochasticity.
The amplitude of the sinusoidal environmental variation was modulated by a multiplicative factor
s (constant across all patches). By manipulating the valuesved¢ created landscapes ranging
from highly aseasona$ € 0.1) to highly seasonas € 1).

We then seeded metacommunity simulations emcommunity dynamidselow) with
the final matrices containing environmental values of each patch over imeB0 patches x
1200 times), and their corresponding spatial coordinates.

4 . 20Met acommuni ty dynami cs: -fExttemhdmeac lersicampt i o

The dynamics of ecological communities were spatially explicit, discrete in time, and
governed by habitat selection, demographic stochasticity, competition at intra and interspecific
levels, and dispersébhoemaker and Melbourne 2016; Thompson et al. 2020)

Considering thali;is the abundance of specids sitej at timet, populationrdynamics
is governed by:

14

Orn 0€Q1 D&¢ 205y Orp QG (S14.1)

The first term of eq. 1 is a modified version of the BeveHoft competition model
(Beverton and Holt 1957hat sets population growth as a function of habitat selection, competitive
dynamics, and demographic stochasticdy,; and Q@ are the total number afdividuals ofi
that emigrate from and immigrate to git timet, respectively.
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Ok, is the local performance (i.e., growth rate) of spediashen conditioned to
competition and habitat selection and is modelled as follows:

Ori  Y&X & GQ @ — z (S14.2)
Rif B hfi
Y& & depresented the species' maximum intrinsic growth rate and was assumed to be
equal to 3 for all species. Makifgx @ @qual across species ensured that they could reach the
same maximum growth rate when optimum habitat conditions and competition at the intra and
interspecific levels are negligiblé.;; rangesrom 0 to Y& & @

The second term of eq. Sl 4.2 setwironmental suitability, i.ethe match between local
environmental conditions O¢ 0 and species' environmental requiremergsvironmental
suitability values rangelBetween 0 to 1, representing a complete mismatch and a complete match
between species niche optima and local habitat conditions, respectively . We simulated species
exhibiting distinct (nomeutral) performances along the same environmental gradietiaflend,
species niche optima took values equally spaced along the interval [0,5] to scale with
environmental variation. Note that niche tolerange was fixed across all species and narrow
enough to make species respond to environmental variation. Preliminary simulations showed that
fixing , p makes species sensitive to environmental variation without making them overly
prone to local extinctions when conditions are suboptimal.

In parallel, to investigate how the assumption of niche differentiation can modulate (either
buffer or potentialize) the influence of metacommunity dynamics on successful dispersal
strategies, we also ran simulations with equal (neutral) species' responsegironmental
variation. This was operationalized by assigning the same environmental optima to all species (
= average value GA{ )1

The third term of eq. $4.2 models the effects of densdgpendent competition on

population dynamics. Stabilizing competition was setlas = 0.0066 > | T8I TGO
equalizing competition as = T3t 11; Westabilizing competition as =0.0033
<| T8t 1T @ These values imply the assumption that when locally dominant species make

up 50% of the total community abundance, they face the same level-cdptr competition

across the three types of competition. Prior tests (not shown) demonstrated thag rbiisxin
assumption by considering different combinations of values for and did not influence

the observed patterns of local coexistence and exclusion. However, they did alter the abundances
at which locally coexisting species reached stable equilibria.

To incorporate the influence of demographic stochasticity on local birth and survival, we
draw the final local species abundances from a Poisson distribution whose mean was determined
by the estimated population size after habitat suitability and desesitgndent competition
(Shoemaker and Melbourne 2016; Shoemaker et al.i2020
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Individuals able to persist in any given local community after wigiatch selection and
drift at timet could then disperseSee main text for a detailed description of how dispersal
(departure, movement, and settlement) was computed.
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Chapt®ncbvering the trajectories

gained from the keystone community

5.1 Abstract

Understanding how metacommunities change over time due to natural and/or anthropogenic
disturbances is a key goal in ecology. Heve developed an analytical framework that is robust

in identifying communities whose extirpation triggers stronger (i.e., keystone communities) or
weaker (i.e., idle communities) cascading effects on extinction and colonization patterns that
ultimately dive temporal changes in metacommunities (i.e., changes in compositional patterns
among the remaining communities). Through mechanistic simulation models, we demonstrated
that our framework correctly yields "keystoneness" estimates that rank local coresmbaged

on their significance in maintaining the structure of metacommunities. We also demonstrate how
community keystoneness relates to habitat patch characteristics and how this relationship varies
among different metacommunity archetypes. We appliedftamework to examine a moth
metacommunity situated in a protected mountainous region, which, due to its proximity to urban
areas, is subject to both direct and indirect (artificial skyglow) effects of light pollution. As
expected, we observed that lighollution was positively associated with local diversity but
negatively correlated with the keystoneness moth communities. We conclude our study with an
in-depth discussion on the application of our proposed analytical framework in assessing the
conservabn significance of local ecological communities.

5.2 I ntroducti on

The internal structure of metacommunities (inetworks of communities linked through
the dispersal of potentially interacting speties an emergent property of the compositional
(dis)similarities among their local communitigsibold et al. 2021)Temporal variation in local
community composition due to colonization and local extinction events eettierinternal
structure of metacommunities temporally dynamic. Losses and gains of species across
communities in a large metacommunity are natural phenomena and result from the cumulative
effects of dispersal, environmental variation, demographic stocityastind biotic interactions
(Fukami 2015) Consequently, the internal structure of metacommunities is intrinsicality related
to its spatial dynamics. For instance, a metacommunity can become more homogenous (i.e., low
dissimilarity among its communities or low spatial béiteersity) over time whan there is an
increase in species occupancy through colonization and/or an increase in extinctions of locally rare
specieqOlden & Poff 2003) Metacommunities can become more heterogenous over time when
dominant species go extinct across multiple communities and/or new (alien) species colonize a
few local communities, resulting in increased spatial -detersity (Tatsumi et al., 2021 A
growing body of evidence reveals that the internal structure of metacommunities has been
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changing at alarming rates owing to hurtliven transformations in the abiotic and biotic milieu

of landscapes (e.cRjlotto et al., 2020)Consequently, a pressing task in theoretical and applied
ecology is to understand the means by which we can assasage and predicthe magnitude

and the trajectory (i.e., either towards homogenization or differentiation) of temporal changes in
the internal spatial structure of metacommunities after natural and anthropogenic disturbance
events(Chase et al. 2020)

To effectively manage the temporal trajectories of metacommunities, we must first
recognize that their local communities play unequal roles in shaping their internal structure. This
principle has been formalized blet"Keystone community concépthereafter KC), which
postulates that communities can be sorted along a continuum based on their significance in
maintaining essential properties of a metacommuityuquet et al. 2013)At one end of this
continuum lie keystone communities. Thektirpationtriggers pronounced temporal shifts in
local extinction and colonization patterns that ultimately drive changes irreti@ining
communities' compositional (dis)similarity (i.e., structuoggr time At the opposite end, there
are idlecommunities Their absence neither disrupts the functioning of metacommunities nor alters
the compositional (dis)similarity of the remaining communities over.time

Ranking local communities along the continuubetween keystone and idletermed
"keystoneness* holds significance for conservation and management efforts as it can provide
deep insighténto the fundamental procesgbatshape ecological communities argbverntheir
interactions This knowledge carbe invaluable while prioritizing resources and efforts for
successful conservation and management. For instance, in the context of conservation biology,
information about community keystoneness can assistagess in reducing the effects of
anthropogenic disturbances on metacommuniieonomo 2011, Sullivan et al. 2023)In
invasion ecologyassessingommunity keystoneness can guide decisions on which communities
should be prioritized for intervention® curb the spread of invasive species across the
metacommunity(Brown and Barney 2021)In the context of sustainable natural resource
management, assessments of keystoneness can assist managers in determining which communities
are (or are not) suitable for harvesting while preserving the internal dynamics of metacommunities.

Furthermore, the knowledge about a community's keystoneness becomes particularly
relevant when local species diversity does not correlate with habitat quality. This is the case when
anthropogenic stressors lead to an increase in local diversity by dasogstantial influx of
individuals into unsuitable habitats where they are unable to sustain viable populations over time
(seetheoretical example iDelibes et al. 20QJand empirical example below). In such cases, local
diversity should not be considered a proxy for the conservation value of local communities.
Instead effective biodiversity protection depends on information about the role of local
communities in regulating and maintaining metacommunity dynamics.

Here, we leveragedthe well-establishednathematical properties of graphshuoild an
analytical framework thatguant i fi es a | ocal communityos
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metacommunity structure over time (i.e., hereafter, their keystoneness degree). Under specific
conditions and assumptions (discussed in detail below), our framework can be implemented on
observational data on spec.ikegsthnesepsadtimabes thatgoeo r a |
statistically independent of local diversity. This independence is relevant because it #resures
frameworkoés wutility in guiding management an
accurately correlate with habitat aity, e.g., when anthropogenic stressors attract species to
demographic sinks with higher death rates than birth (aéessourcesink dynamicsPelibes et

al. 2001)

We used mechanistic simulation models across various scenarios to provide theoretical
validation that the proposed framework is robust in identifdgaghmunities lmoseextirpation
causeghe most (keystone) and the least (idle) temporal shifts their metacommunigesence,
the framework assigns higher keystoneness values to communities that, when removed, triggers
cascading effects in extinction and colonization dynamics, resulting in significant changes in the
internal structure of metacommunities otiene. Our f r amewor kés validatio
how our metric of community keystoneness relates to habitat patch characteridticsw tis
relationshipvaries amonglifferent metacommunity archetypes (i.e., spesmting, maseffects,
neutral metacommunities)As such, our simulation framework shows how information about
community keystoneness can help us to better understand the trajectories of different types of
metacommunities after local disturbance events.

To showcaséhe unique insights derived from camalyticalframeworkon the effects of
anthropogenic disturbances on metacommuniesappliedit to investigatethe effects ofight
pollution on thestructure of a welstudiedmoth metacommunitymore information about the
moth data inChoi & Na, 2020 Figures SI 54ll). Situated withina protected mountainous
landscape surrounded by urban settleménits metacommunitijas beennder direct andhdirect
(in the form of artificial skyglowjnfluencesof light pollution(FigureSI5.1). Light pollutionposes
awidely recognizedhreat to moth biodiversityas even at incipient levels,aanincrease local
mortality by disruping variousaspects of their life historyncludingtheir ability to use the night
sky to navigate the landscapeeviewed inBoyes et al., 2021)Given that most moths are
positively phototactic (i.eattracted to light we predicted that light pollutiomould increaséocal
diversity by attracting morandividuals into artificially lit areagLangevelde et al. 2011Yhis
implies thatanthropogenidisturbances affectindispersal can render local diversity to be an
unreliable indicatoof habitat suitability Additionally, we predictedthat light pollution would
reducecommunity keystoneness, suggesting that communitiesngsactedby light pollution
play acrucialrole in maintaininghe internal structure of the metacommunity.

5.3 Met hods

5. Anl analytical framework for community keyst
By definition, keystone communities are those whose removal/extirpatisnaha
disproportionate impact orgiven metacommunity property (here, its internal struciiMeuquet
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et al 2013).Consequently, analytical frameworks aiming ®&se&ss community keystoneness
accuratelymust satisfythe followingtwo criteria Firstly (hereafter, C1), it needs to measure the
impactof a single community's removal or extirpation on the metacommunity's internal structure
Secondly (hereafter, C2), it needs to determine whether this observed impact is disproportional
(atypical) to what is expected given a specific community property (e.g., local diversity, biomass).

Theframeworkdescribed hereapitalizes orthe wellestablisheanathematical properties
of graphs(Figure5.1) to meet C1It draws inspiration from methods designed to evaluate the
resilience of computer networks against failures or targeted attacks on specific corfjuters
al. 2009)while incorporating additional steps to tailor its application to the context of the keystone
community concept. While we do not provideomprehensive introduction graphtheory(see
Dale 2017for an ecological perspectivepupp.Information offers a concise overview of key
concepts, helping those unfamiliar with the subject to grasframework.

Metacommunities can kbrepresenteds graphswhereeachnodecorrespondso alocal
communit/, andtheweight of edges connecting pairs of communities reflects their compositional
similarity. Theunderlyingrationale is thaa high degree otompositional similarity indicatethe
occurrence of significant past and currdispersal eventsonnectinga pair oflocal communities
within an ecological (or possibly evolutionaryfimeframe(see more in Layeghifard et al., 2015)

The pairwisecompositional similaritymatrix is used to calculata weighted Laplacian
matrix (O following Liu et al.(2009:

W NQ WeEQQQ Q1
0 ®E QO BEWADQVUO O DE O
T E/MiI VA Q
whered andU are thei" andj™ nodes (herelocal communities)®  is the degree of th&'

node and is given by the sum of the weights of edges (here, similarities) of all nodes connected to
U.w j isthe weight of the edge (similarity) between noidesd;.

The second smallest eigenvalue ofriggultantveighted Laplaciaestimatefiow difficult
it is to disconnect a graph (i.e., its algebraic connectivitg) estimate the importance of each
community to the overaktructure of the metacommunity (i.e., graph), one can remove local
communities, one at a time, and recalculate the second smallest eigenvalue of the resulting sub
graphg(i.e.,weighted Laplacian makirecalculated without the focal community subtracting
the second smallest eigenvalbased onthe full metacommunity from the second smallest
eigenvalue calculated when the focal community is removed, one estimaiegptut of the
removal otthe focallocal communityonthe overall structure (connedtiy) of the metacommunity
structure

It is important to note that the estimated impacts of a community removal should not be
readily interpreted as their level of keystonen&hss is because the local abundance and diversity
of communities significantly influence their impgaestimatesFor instanceyemoving locally
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diverse communities imore likelyto have a higher impact on metacommunity structure because,
by chance, they are more likely to share spewiéis other communitiesTo accuratelydentify
communitieswhose removakxers a disproportionatéatypical) impact on the structure of a

metacommunitythus meetingCyne must contrast a irhpaatagdinstc o mmur

theirexpectedmpactconsideringts local species richness and abundance. This contrast highlights
communitiesvhose removal frorthemetacommunityas greatefi.e., keystone communities) or
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lesser (i.e., idle communitieBhpactsthanexpected considering thedize alone.

To assesshe expectedmpactof the removal of docal communiy, we first rank local
communities in ascending order otbservedmpact This transformation is necessary because
previous analyses (not showstgmonstrated that@nhances the statistidahctability of expected
impact estimates. Specifically, it corrects for the skewnesbeafiull distribution of expected
impact values generated by thell modelsdescribed below. Note that this ram&nsformation
preserves theriginalinterpretation of observed impacts, immmunitiesvhose removal has the
highest impact ometacommunity structure rank higher on itn@actlist.
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Following, weused null modalthat kept community sizes (local abundance) and species
regional abundansesqual fixed) to their original value§ollowing Kraft et al. 2011) These null
models generateommunitieswhoseposition in the ranked@npact lig is determined solelypy
their observed total abundan@@sd species abundance distributianthe metacommunity scale
After repeating thiswll model procedure multiplemes (here 1000 times)ve estimate each
local community's expected (average) positrotherankedimpact list. Thenthe keystoneness of
communityi is given by
0.0i, 0070006 QQ

YO

VD Qwi 0 ¢ & Qe+

wherel) & iis the observed position of communitiy the ranked impact lists calculated earligr
0o 'Qwis iB Bverage position acroah iterations of the null model, an¥ Ois the standard
deviation of the simulated positions. This keystonenestsic quantifies the deviation, gtandard
deviationunitso f a ¢ o rposidan in thg rdnkednpactlist from what would bexpected
based ortheir size alonelf 0 Qwi 0 ¢ ¢iQgré@terthan 0, it meanshat the position of
communityi in the rankedimpact list is higher than expected by its si&e.such, community
can be considered keystone communjt If 0 Q@i 0 ¢ ¢ '@, @d dosition is equal to the
expected by its siz€inally, f 0 Q@i 0 ¢ ¢ iQsnmAllertham, its positiorin therankedimpact
list is lower than expected by its siZes such, communitycan be considered dile communiy.

In Supp.Information (Figure 3 5.1I1 and 5.V), we demonstrated that contrary to other
indexes previously used as proxies of community keystoneness (e.g., the local contributien to beta
diversity LCBD- developed by.egendre and De Caceres 204a8d used iRuhi et al. 2017)the
framework described above can yield estimates that are sittistically independent or weakly
correlated with community diversity (here, Hilumbers of different orders)

5. Fhzoretical wvalidation

We used procedsased metacommunity simulations to: (i) provide theoretical validation
that the proposed frameworsccurately ranks communities based on their importance in
maintaining the internal structure of metacommunitigsunderstand how the proposed estimate
of community keystonenesslates to patch connectivity and habitat qualiflii) and how these
relationshipsvary in magnitudeamong metacommunities varyingn their species ecological
specialization and dispersal ahdit Due to spacelimitations a condensed summary tie
simulatians is providedelow, while adetailed description can be foundSaopp.Information

We started by randomly distributing B@bitatpatches in a geographic space defined by
Xy coordinates ranging from 0 to 60. Environmental conditions were spatially structured and
fluctuated over time temulateenvironmental stochasticity. In our simulations, individuals could
only move betweenhysically connected patcheBhe physical connectivity between any given
pair of patches decayed exponentially with distance aagtnwncated to zero if below a fixed
threshold (here 1f). Thus, eachrandomly geerated landscapeontained patclsewith varied
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environmental conditions ardiffered in thenumber of connection® neighboring patches (i.e.,
patch degree).

Population dynamics of 100 species across the 30 patches were discrete in time and
generatedby a BevertorHolt growth model with generalized LotR#olterra competition.
Community assembly at time was the outcome of three sequential steps: 1) wyhioh
dynamics(i.e., environmental selection, demographic stochasticity, and competitiathantra
and interspecific levels); 2) emigraticemyd3) immigration éee how each one of these steasw
calculated inrSupp.Information). Dispersal was spatialgxplicit, meaning that individuals could
only immigrate to patches connected to their natal patch.

Simulations were carried out in two phases. In the first phase, we allowed
metacommuniés to reach stability l{ere rates of regional extinction close to zero) by letting
population dynamics in the landscape run for 1000 tategps (fromt; to tioog). Estimating
community keystoneness in stable rather than transient metacommunities is relevant because it
ensures that patterns in community keystoneness would remain consistent over time, provided that
no external factors moved the entire metacommunaynfgable equilibrium(see Discussion
below). We halted population dynamied t.ocoandapplied our framework to estimatemmunity
keystoneness based lmtal communityby-species matrices, where the entries were obtained by
rounding theaverage abundancé each species at each local community between time intervals
from teso tO t1000

We thenuseda random forest to model community keystoneness as a function of habitat
quality (i.e., averagpatch suitability across all speciedlre metacommunitysee equatioBl 5.2
in Supp Materigl and physical connectivityi.é., number of patches a focal patch is connected,
hereafter, patch degree of a loc@mmunity. Random foresmodelingis suitable for these
analyses becausé€) it does not assume any shape of the relationship between response and
predictors; (ii)it is robust to collinearity and automatically magigle influence of complex mudti
level interactions among predictors on the response, and; (iii) they provide robust estimates of the
importance of predictors in explaining changes in the resp(B®man 2001) Effect size
estimates for each predictor (basedlafri & Bailey (2016) allowed us to understaride strength
and direction of the relationships tveen predictors and response after accounting for (i.e.,
averaging out) the influence of othgedictors Since all predictors were standardized (mean = 0,
sd =1) before model fitting, estimated effect sizes are directly comparéblexpected a positive
correlation betweencommunity keystonenes@nd habitat quality and/or patch degree
(connectivity)

In the second phasee conductedemoval experimentotdemonstrate thatvhen used
on stable metacommunitigbe proposed framewodan identify communities whose extirpation
triggersstrong cascading effects on colonization and extinction dynamics that ultimately alter the
structure of the metacommunity over timEheseremoval experiments were carried out as
follows:(1) we permanentlyemoved a focatommunityi from the metacommunityy eradicatig
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its patchand connections to other patches; (2) estimated the overall spatial betzersity

among the remaining communiti@s the metacommunitfhereafter,S p a t tooa)l (3) fve
resumedsimulatedpopulation dynamicacross the remaining patches #or additionaB00time-

steps (4) we estimatedthe spatial betadiversity of the remaining communities in the
metacommunitgonsidering the average abundance of species per patchfgeto tizoo(Spatial

brinai); (5) following Tatsumi et al.(2021), we measured how the removal of community
influenced the trajectory of the remaining communities in the metacommurftypas t fiha-a | b
Spatuooa( o bSp aWheragd Shp)a.t i, thd remval>f pltchcaused aincrease in

met acommunity diff er e mOitharenmovahof patdheausedioicharmes o Sp «
i n metacommunity st rthecreamovaleof patgh cabgedan inaebse m < O
metacommunity homogenization over tingep a t ubod &ndSbp a t sika-aMereestimatedising

the abundancebased and incidendemsed Whittaker multiplicative indexes. By doing so, we were

able to estimate how muchgqif S p a wais @rilzen Iy either speciegtinctiors or colonisatiors

following the exirpation of the focal communityTatsumi et al. 2021, 2022)

We repeated steps 1 to 5 across all local communities in the metacommunity. By plotting
the valuesp S p a phtaméd wibh the removal of each community against their level of
keystoneness, we coulassess whethdocal communities assigned high or low values of
keystoneness corresponded to those whose removal caagedr minimaltemporal changes in
the internal structure of metacommunitiesgpectively

We employedhis simulation setumcrosscombinationsof threelevels of species™ niche
breadth farrow intermediate broad, see Supplnformation for details on the numeric
specification of each levglanddispersatates(low, intermediatehigh, see Suppnformationfor
details on the numeric specification of each Igveielding a totalof 9 simulation scenarios
replicated 50 times (i.e.450 simulation iterations in total). Considering these different
combinations of species traits allowed us to testproposed frameworkcrossthe parameter
spacethat encompasses various w&hown metacommunityfiarchetypes , n asmexiesy ,
sorting, mas®ffect, and neutral metacommunit{ggibold et al. 2002seealsoThompson 2020).

We also conducted further analyses to determine the robustness of our framework. This
was done by comparing the outcomes of removal experiments where single local communities
were removed against those where groups of local communities, characterizectondsmess
deciles were extirpated (i.érpm Q1 to Q0where Q1 = théhreecommunities with the lowest
levelsof keystoneneswere removed at ong®10 = thethreecommunities with the highest levels
of keystoneness/ere removed at ongeAlthough theresults of the removal experiment were
gualitatively similar between the two approaches, the effects of the removal experiment on
metacommunity structure were stronger when groups of communities rather than single
communities were removed. We reportedrémults of the "decileemoval” approach in the main
manuscript and the "singommunityremoval” in Supp. Information. We then discuss the
biological meaning of both approachgse Discussion)
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5. EmPirical Thses esnsfnheunetnice of | i ght poll ution
mot h communities

We used published data on the spatiotemporal distrimtibmoths inMount Hallasan
National Park, locatedn the volcanic island of Jego, South Korea(Choi and Na 2020)In
total, 13,249 individualacross587 species of maaimoths were sampled using lighaps along
an elevational gradient (ampled elevationgluring the growing and reproduaiseason (May
to October)pversix consecutive years (20/2818).We consideredll mothssurveyedat a given
elevation during the growing seasatae operational definition of locabmmunity in further
analyses.By incorporating thistemporal dimension, we aligned the KCC with recent
advancements in metacommunity ecologhich demonstrate the importance of accounting for
temporal variation in compositional datto infer the mechanisms influencing empirical
metacommunities more accuratékhattar et al. 2021; Record et al. 2021; Guzman et al. 2022)
Moreover, by integrating data on the natural kaenual variation in community composition into
our estimates of community keystoneness, aoelld evaluate the temporal consistency of
community keystoneness patteinsa real metacommunityf his assessmert relevant because
significant yearly fluctuations in community keystoneness would suggest -egudibrium
(transience) state for this moth metacommuriitysuch a scenariaglying on highly variable
keystoneness estimafles management and comsation strategies/ould beill -adviseed(see more
in discussion) Therefore,our analyses considered 66 operational communities (i.e., species
sampled in 1ample locationg 6 years).

A critical assumption of the proposed analytical framework isatadbcal communities
that belong to a given metacommunity have been equally and sufficiently sarBpfede
analyses, we relied on the method proposeArmerson and Santar@arcon(2015 to evaluate
whether the number of operational local communities surveyed was adequate to accurately
characterize the extent of spatiotemporal compositional (dis)similarities among communities. The
negative relationship between mean error in estimatesmimunity composition and the number
of communities surveyed reached an asymptote around 42 operational local communities (see
FigureSI5ll) . The results indicated that the survey
spatiotemporal variation ijommunity composition within the moth metacommunity.

WeusedtheJaccareChao similarityindex (i.e., 2 JaccardChaodissimilarity) to construct
a metacommunity graphirBulations(see more irSupp.Information Figure SI5.111) indicated
that this indeyields robusestimates of community keystoneness thastatsticallyindependent
of communitylocal diversity We calculatedhelocal diversity of each communitysing theHill -
Shannordiversity index Hill-Shannon diversity express the effective number of species in the
community, i.e.the number oéqually abundant specitgstshould be observed thecommunity
sothatit has the same Shanneindex as the one calculat@bswell et al. 2021)

We usedhegeographic coordinates each site (local community obtainestimates of
their average monthlglimatic variablesand light pollution.The climatic variables considered
were monthly temperature (mean, max, minimum monthly values) kgetransformed

115



precipitation data atdm x 1 km resolutiofCHELSA dataet Karger et al. 2017We performed

a principal component analysis dimate variablegall standardizetb mean = 0, sd = 1) and used
the multivariatescores(i.e., at the site leveln the firsttwo PC axes as proxies of the climatic
conditionsthroughtime. The proportion of total variance accounfed by both PC axes was
93.7%.

Data onartificial light at night (ALAN) was extracted from satellite imageinpm the
United States National Oceanic and Atmospheric Administration Earth Observation group
(https://ngdc.noaa.gov/eog/download.htatla resolution of 0.5 ki@nd harmonized byi et al.

(2020. Thesedatarepresent the amount of light emitted or reflected by a surface (measured in
radiance, units nW/cm2 x sr) detected using the visible infrared imaging radiometaigliay

band (VIIRS DNB) satellite. We estimated the average radiance of all pixels inatubdetfers

of 1 km and5 km around thesample location$o assesshe direct (local) and indirect (regional,

via sky glow) effects of light pollution in moth metacommunitiesspectively Note that the

VIIRS DNB satellite system measureshigpollution in a500 to 900 nm spectral rang€his
spectral range overlaps with the spectral sensitivity of the photoreceptors of many groups of moths
(Van Der Kooi et al. 2021)epresenhg an appropriate estimate of the laigmle effects of light
pollution on the sensory environment of this taxonomic group.

We usedsitecoordinates to generate Molaeigenvector maps (MEMBray et al. 2006)
and selected theigervectors that captudgositive spatial autocorrelation to represent the effects
of spatial process on metacommunitydynamics.We generatechsymmetric eigenvector maps
(AEMs; Blanchet et al. 2008pased on the year the community was sampled to account for
temporal autocorrelation

As detailed earlier, & used random forest modeling to investigate how community
keystoneness and local diversity (response variables) are influenced by light pollution, climate,
and the spatial and temponariables We used the Boruta algorithm describedKiarsa &
Rudnicki(2010)to reducadimensionality and ensure that only relevant predi¢feetures)vere
consideredin the final model.This algorithm selects predictors whose importance to model
prediction (measured as % of increase in regarared error) is higher than a threshold established
by data permutation. Additionally, we estimatedéffect size othe selecte@redictos (see more
in Cafri & Bailey 2016) We used bootstrapping to estimate the variation in estimates of MSE and
effect sizes across all variablgsllowing Ishwaran & Lu, 2019)

All simulations and statistical analyses were conducted using R (v.dR2Obre Team
2023) We used thevegan(Oksanen et al. 202@ackage to calculate compositional similarities.
AEMs and MEMs were calculated using tiaespatiapackagdDray et al. 2022)Random forest
models were run using thrandomForestpackage(Liaw and Wiener 2002)while the Boruta
algorithm and estimates of effect sizes were run usinganeta (Kursa and Rudnicki 201@nd
rfUtilities (Evans and Murphy 201@ackages, respectively.
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5. Rlesul t s

5. & hkroretical wvalidation

In all simulation scenarip&keystoneness increased with patch connectivigy, effect
sizes > 0) andthese effects weremore substantialvith increasd dispersal rate¢Figure 5.2).
Keystonenesslso increased with habitat quality, but only when spewiese sensitiveto
environmental variation (narrow and intermediate levels of niche breadthjvered weaker
disperers Outside this parameter randeeystoneness was not affected by habitat qualey, (
effect sizes not significantly different from 0).

Niche breadth = Narrow Niche breadth = Intermediate Niche breadth = Broad
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Across most combinations of species niche breadths and dispersal rates, we observed that
our estimates of community keystoneness correctly sorted communities based on their influence
on the internal structure of metacommunity (Figoi8 FiguresSI5.V andSI5.VI1). That is, when
communities with low levels of keystoneness (i.e., Q1) were removed, little to no changes in
metacommunity were observed over time ( S p a a (). énlcontbast, when communities with
high levels of keystoneness were removed (Q1ilflere was an increase in metacommunity
differentiation over timec® S p a + 0).aWwhenfp S p a was adtimated based on species
abundances (Figug3), we observed that such an increase in metacommunity differentiation was
driven by reductions in the abundance of common species across communities combined with an
increase in the abundance of locally rare species. VidnenS p a tvas adtimated based on
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incidence data (Figurel 5.V), we observed an increase in metacommunity differentiation led by
the extinctions of species that were dominant in the metacommunity prior to the extirpation of
local communities. These results were qualitatively similar, although weaker when the removal
experiments were based on the extirpation of individual rather than multiple (groups) communities
(Figure $5.VI).
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of keystonenessompared tdow-elevation communitiegFigure5.4). While climate and spatial
variables primarily drove keystoneness and local diversity (FigiGjeit is noteworthy thatidght

pollution (at both scalesliso played a role, as indicated by its inclusion in the final random forest
models for local diversity and keystoneness. More specifically, after controlling for the influence

of climate, spatial MEMs, and temporal variables AEMSs, light pollution waitiyelg associated

with local diversity (effect size > 0) but negatively associated with community keystoneness (effect
size < 0). Together, these results suggest that anthropogenic stressors can significantly impact the
diversity and keystoneness of thi®th metacommunity
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5.06i scussi on

In this study, we proposed a novel analytical framework that identifies keystone
communities, i.e., those whose extirpation promotes strong cascading effects on extinction and
colonization patterns that ultimately drive temporal changes in compositidteringaamong the
remaining local communities (i.e., temporal changes in the internal structure of metacommunities).
Through simulation models that replicated in silico metacommunity dynamics and removal
experimentsye providetheoretical evidence that uaeidtanding the keystoneness of ecological
communities aids in predicting metacommunities' trajectdriggher towards homogenization or
differentiatiord when confronted with local disturbancé&is simulation framework also helped
us understand how our proposed community keystoneness metric relates to habitat patches'
characteristisand howthis relationshiprariesamong different metacommunity archetyp&ge
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then used this framework to investigate the influence of light pollution on the diversity and
keystoneness of moth communiti&is demonstrated hothe proposedrameworkdeepensur
understanding of the effects of anthropogenic stressors othe internal structure of
metacommunities.

5. Kelystoammrechetshe trajector:i eisngoag mreelt afcrooommuii mt
model s

Our analyses revealed a positive correlation between community keystones and both
habitat quality and connectivity of the patch inhabitedthylocal communiy. Notably, the
magnitude (strength) of these relationships varied across levels of species ecological specialization
and dispersal rates (Figu®2). In the extreme case of speesgsting metacommunities,
characterized by narrow niche breadths and low dispersal rates, habitat quality was the most
important driver of community keystoneness. Howewsr,increasing species dispersal rates
and/or the degree of ecological specialization (i.e., moving towards-affass or neutral

A
1
Climate (PC1) —@— | O 40
! 35
Climate (PC2) . o !
! o 30
1 o
n SPace (MEM 1) —@— O % ”s
8 1 g -1 0 1 2 3
3 ALAN (5 km) -@— | O g ALAN (5km buffer)
o 1 =
T ime (AEM 2) T 1 O -%’ 40
1 c
o
Space (MEM 2) —— O : 35
1 30
ALAN (1 km) @- 1 O
] 25
10 20 30 2 0 2 4 6 2 -1 0 1 2 3
B ALAN (1km buffer)
| 0.4
Climate (PC1) —@— @ I 02
1
1 o 0.0
Space (MEM 2) 1
é ; . § 02
» 1 K
5 Space (MEM 1) —@ @ ; g 0.4 - - - ; -
£ I o) ALAN (5km buffer)
o] " o
£ ALAN(skm) %— O | 5
. t 02
Time (AEM 5) r Q1 o 00
| .
ALAN (1 km) @- ) : 0.2
! 0.4
0 10 20 30 40 06 04 0.2 0.0 0.2 0.4 2 -1 0 1 2 3
% increase in mean squared error Standardized Effect Size (partial dependence) ALAN (1km buffer)

gBSResul ts of random forest model?rn@. 68hsaddr ke y?
O.@lunasi onsepfatc¢clal mMmEdMs, tleimpltr apolAEMEiINO e dHbivNce
a
e

pati al and todmphralempari alal ¢y sOruldy emr anbit ht anred arce
r repdhtetedtherod umn shows variables ranked ithhenrcd
n mean squared elfThhrewecsndvheonl pram muhewy .t heir straempde
ffect aswlziesikrdipcané i dence i mehdtrwalc odtumns %b.epTort s ¢
erve as a (graphicale ¢pepideicten ofal uew tolie tdweemragpc
ith variation in the | evel of ALAN althdashe d ear € d k
Standard error of the mean.

120



metacommunities), patch connectivity became the most relevant driver of community
keystoneness.

The observed interplay between species niche breadth and dispersal ability, in t@lation
patch attributes and community keystoneness, suggest biogeographic variations on the potential
succesdiodiversityconservatiorstrategiesentered ofandscape connectivity or habitat quality
For instance, in temperate regions, where species typically disfager ecological tolerances
and superior dispersal abiliti€Sarscadden et al. 2020; Sheard et al. 20B@phaging the internal
structure of metacommunities should require special attention to landscape connectivity.
Conversely, in tropical regions, whezeological specialists with constrained dispersal capacities
dominate species pao(Jocque et al. 2010; Carscadden et al. 20@@) internal structure of
metacommunitieshouldbe better managed Iprotecting thequality and suitabilityof chosen
habitats Should these theoretical predictions be validated, it could pave the way for integrating
the KCC, a conceptderived from metacommunityheory, into the realm of conservation
biogeographyqgensuWhittaker et al. 2005)

Our simulations provided theoretical validation that the proposed analytical framework
accurately categorizes communities along a continuum of importance in maintaining the internal
structure of metacommunities (Figaré.3, S 5.V- VI). That is, it assigns high values of
keystoneness to communities that, when removed, promote cascading changes in extinction and
colonization dynamics that ultimately increase biodiversity differentiation overtimeggieSp at i al
b > 0). In contrast, it assigns low valudkeystoneness to communities that, when removed, cause
little to no changes in the internal structure of the remaining communities in the metacommunity
(i.e.,p S p a&0ij. Byl testing the framework across various combinations of species traits, we
demonstrated that it correctly identifies community keystoneness within a parameter space that
reflects different types of metacommunity dynamics (archetypes).

Note that the shape, but not the direction, of the relationship betwee8 p adnd thel b
keystoneness of extirpated communities varied depending on wiethe& p a was estimatbd
based on incidence (Figuré®V) or abundance (Figufe3) data. For instance, in species sorting
metacommunities, we did not observe a positive relationship between keystonergpss 8rnplat i a |
b when estimated using abundance data. However, a strong positive relationship emerged when
considering incidence data (Figug 5.V). Estimates ofp S p a basea bn abundance and
incidence data assign different weights to the losses and gains of species that were locally rare but
had a high occupancy at the metacommunity scale. As such, when species distribution across the
metacommunity is strongly constrath by habitat selection and dispersal limitation, only a few
species can keep small populations across multiple local communities through the dispersal of
individuals from source communities. The removal of such source (keystumenunities causes
cascading losses of these snstled populations of widespread species across the entire
metacommunity, ultimately increasing metacommunity differentiatgpn (S p a & D)aSuch b
losses of small populations supported by dispersal will have a negligible effect on estingates of
S p at based onfabundance data but a significant effect on estimates based on incidence data.
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These findings demonstrate that incorporating different types of data when estiupatiSgp at i a |
provides a more Hiepth understanding of the effects of community removal on the internal
structure of metacommuniti€éFatsumi et al. 2022)

Similarly, in the extreme case of neutral metacommunities, the relationship between
keystoneness ang S p a tauld bnly be observed when we increased the magnitude of
disturbance events and extirpated multiple (groups) communities rather than single communities
during removal experiments (Figug 5.VI). This suggests that within neutral metacommunities,
the impact of single local communities on the broader metacommunity structure is less
pronounced.

5. As3Zumptions and considerations for the wuse
An important consideration underlying our simulation model is its assumption that

metacommunities were sampled at stable equilibrium and that all communities have been equally

and sufficiently sampledn this ideal circumstance, owimulation modelsindicate that our

framework can accurately estimate community keystoneness bassdgbs spatialsnapshot

surveys However, these assumptions can be challenging to validate iwaeddlempiricaldata.

Thus, we propose guidelines to assist researchersessasg the applicability of our framework.

First, we encouragpotential users of our framewaidk meticulously evaluate the adequacy
of their sampling efforts before estimating the keystoneness of focal commusegesx@mple in
Figure 3 5.1 that used the approach proposedAnyglerson & Santan&@arcon, 2015)Second
we advocate foconsideringemporally replicated data in keystoneness estimate¢snding the
timeframe of sampling designs reduces biases in inferring metacommunity patterns and processes
that arise from the false absence ofcspe often noted in snapshot survéigecord et al. 2021)
Moreover, by considering temporally replicated data on estimates of community keystoneness,
one can examine the temporal consistency of community keystoneness patterns. Consistent
keystoneness patterns over time (as observati@rempirical example ifrigure 5.4) would
indicate metacommunitgtability. Gonversely, if keystoneness patterns fluctuate unpredictably
over the sampling duration, it woulddicate that the metacommunity is not in stable equilibrium.
In this case, it wouldbe prudent to refrain from utilizingstimates of community keystoneness
derived from this frameworto guide conservation and management pl&his is not inherently
a limitation of our proposed framework as rmsiable metacommunities are intrinsically
challenging to conserve and manage.

5.9n31 ghts gai neendadfsyr om empi ri cal

In this study, we have presented compelling correlational evidence that light pollution can
impact the dynamics of moth communities (Figusesand5.5). We showed that light pollution
was positively associated with local diversity. These results align with experimental and
observational studies, providing further support that light pollution, both in its direct and indirect
forms, disrupts the spatiatientation of moths by attracting and trapping them into artificially lit
localities(seeBoyes et al. 202&and references withjn
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Even though light pollution seems to have a positive effect on local diversity, it has been
shown to decrease the fithess of moth populations by exposing them to opportunistic predators and
disrupting their life cycléFirebaugh and Haynes 201@onsequently, at least in the case of this
moth metacommunity, we provided evidence that the commonly held assumption that local
diversity is a proxy of habitat quality/suitability can be violated when anthropogenic stressors
affect species distributior{®elibes et al. 2001)n contrast, we showed that, after controlling for
the effects of other predictors, light pollution was negatively correlated with community
keystoneness. This indicates that the protection of patches where the night sky is less affected by
light pollution are critical to the maintenance of the internal structure of this moth metacommunity.

The relevance of our findings is twofold; first, they offer further support to other
observational studies indicating that light pollution, particularly in its indirect form, transcends the
physical boundaries of protected areas and can persistently itigactynamics of insect
populations and communiti€gaz et al. 2021; Khattar et al. 202Zhese findings are especially
concerning givemhe alarming historical and predicted incredadgght pollutionatglobal scales
(Kyba et al., 2017)Second, they illustrate that using alpha diversity to inform inferences about
the conservation value of communities can lead to allocating conservation efforts to areas of high
mortality and low fitness. Given the alarming increase in the influencelofoogenic stressors
on the redistribution of biodiversity, we argue that the relationship betweearsigivend habitat
quality is likely becoming weaker (less positive) across taxa at varying spatial (gcgl@giana
and Chase 2022)

5. Ke4stoneness and the conservation valwues of
Most of the research on the KCC has been conduatedmicro and mesocosms
experimental studiefResetarits et al. 2018; Yang et al. 20Zhe few attempts carried out in
natural metacommunities considered estimates of local richness and regional uniqueness (i.e.,
unigue compositions) as proxies of community's conservation \alge, Ruhi et al. 2017,
Hitchman et al. 2018; Sullivan et al. 2021; Dansereau et al. Z0B@)ationale is that protecting
locally rich or unique communities can counteract immediate species richness declines at regional
scales, underscoring the critical role of these communities as keystone in maintaining overall
biodiversity. While estimate of keystoneness based on community contribution to regional
richness are valuable, it is important to recognize that management and conservation plans often
encompass goals beyond preserving regional species nuf@lagmmourteres and Anand 2016)
This is specifically relevant when regional diversity is artificially inflated due to the introduction
of invasive species/enevskaia et al. 2013)

As such, é@spite the implicidifferences in conservatioralue that thevords "idle"and
"keystoné evoke we argue that estimates of community keystoneness should not be readily
thought of as a proxy of the conservation value of any given local community. Both keystone and
idle communities can have a high or low conservation value depending on whethaotieeiion
contributes to the success of conservation and management planning. For instance, keystone
communities may have a decreased conservatitre wahen their extirpation is necessary to
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disrupt colonization dynamics that can ensure the regional dominance of unwanted invasive
speciegBrown and Barney 2021 onversely, the conservation value of keystone communities
should be high if the goal is to preserve the current structure of metacommunities (assuming
metacommunities in equilibrium). These examples should clearly illustrate that community
keystonenesand conservation value are distinct concepts that may or may not align depending on
specific contexts. Therefore, it is critical to note that the analytical framework proposed and
validated in this study should not be regarded as a standalone metrisefvedion value. Rather,

it should be seen as an analytical tool that can assist managers and conservation biologists in
achieving proposed specific goals, whether it involves halting or promoting changes in the internal
structure of metacommunities in sgaand over time.

5.6 Supplementary I nformati on
5.6.1 Empirical datsa and supporting analy
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5. A. Ddestrofptadmme concepts in graph theory
Considering a graph (S), we call its adjacency matrixxaasymmetric matrix whera is

the number of nodes an@Q" pFB8 &1  are their indices. The entries of the adjacency matrix

represent the presence (or weights) of the edges between Haoueke Qs connected to nod@

(i.e.,ifedggl 0), we say that WkisatWwot hedGteptalee ad),]

number of (or sum of weights) of edges that conitxbther node3The degree matrix of S is a

n x nand themaindiagonal entries represent the degrees of each node.

The Laplacian matrix of S is given by the difference between its adjacency matrix and its
degree matrix. An important characteristic of Laplacian matrices is that they are symmetric and
their eigenvalues are all positive (i.e., it is a positive definiteir)al his is relevant because the
spectral decomposition of a Laplacian matrix can capture many properties of the graph it
represents. For instance, while its smallest eigenvalue is always zero, its second smallest
eigenvalue (called algebraic connedtiyinforms how difficult it is to disconnect a network. That
is, considering two networks; 8nd S, if Si has fewer connections than, $hen the algebraic
connectivity of $(i.e., the second smallest eigenvalue of its Laplacian matrix) is smaller than that
of &

5.3emonstrating the statistical i ndependence
of | ocal di versity

Estimates of keystoneness that are statistically independent or weakly correlated with local
diversity can yield standalone insights about local communities that can be instrumental in
fostering furtheinferencesabout their conservation value and importance at the metacommunity
scale. Here, we used simple simulations to establish the baseline correlation between our proposed
estimates of community keystoneness and local diversity in the absence of any confounding
deterministic ecological process (e.g.,biat selection, dispersal limitation, anthropogenic
stressors) dictating community composition. If our proposed estimate of community keystoneness
is not inherently influenced by local diversigne should not observe strong correlations between
these two estimates when community composition is simply the outcome of stochastic sampling
from regional species pools.

To test that, wsimulated50 regional species pools whose species abundance distribution
followed a lognormal distribution. Each regional pool was composed of 1000 individuals
distributed across 50 species. These individuals were then randomly allocated across 30 sample
sites (conmunities).For each simulated metacommunityg estimatedbcal community diversity
using Hillknumbers of orders 0 to 2 (i.e., species richness;3fédnnon diversity, and Hill
Simpson diversity).

We used six different similarity indexes to estimate community keystoneness for each
metacommunityJaccareChao, Bray CurtisChao, Hellinger, Chord, Canberra, and Kulczynski
These indexebave desired mathematical properties when measuring community compositional
variation 6ee more in Legendre and De Céaceres 2013; Cao et al. d@ilarity matrices were
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estimated as the difference between the potential maximum dissimilarity obtained for each index
(i.e., 1 for the Jaccar@hao, Bray Curti€C h a o, Canberr a, and Kulczy
Hellinger and Chord) and the observed dissimilarities calculated sagaiss of simulated
communities. Then we used these compositional similarities to estimate community keystoneness
following the steps described in the main text (see "An analytical framework for community
keystoneness", and Figusel). Testing the relatinship between keystoneness and local diversity
considering different dis(similarity) indexes can help us to identify those better suited to yield
statistically independent estimates of community keystoneness.

We also aimed to contrast our proposed estimates of community keystoneness with other
estimates that rely on community (dis)similarity to evaluate a community's influence on regional
metacommunity patterns. Notably, the 'Local contribution to-Oetrsiy” index (hereafter
LCBD) has been widely adoptdtiegendre and De Céceres 2Q1%Jhen estimated through
composition dissimilarity matrices, LCBD quantifies the compositional uniqueness of ecological
communities within a metacommunity and has frequently been employed as an indicator of
communities' conservation valfRuhi et al. 201G Hill et al. 2021; Perez et al. 2023)he
fundamental premise dlfiese studies that by protecting unique communities, one can mitigate
immediate losses of species richness at regional scales.

To assess the baseline association between keystoneness, local diversity, and LCBD, we
estimated their pairwise correlations across the 50 simulated metacomm@utiesmulation
framework demonstrated that the proposed estimates of community keystoneness are only weakly
positively correlated with local diversity, regardless of the compositional similarity index used to
estimate it (aver adlecal divesity ndexes=0dl8, FiguedSIiMiThia r i t y
result indicates that any stroagsociation between these two variables observed in empirical data
must be underpinned by confounding environmental, biotic, and spatial variables and not by any
statistical association contrived by how they are estimated.

In contrast, we observed a moderate correlation between LCBD and local diversity
(aver age }-048,digwesl $.111x dlbeit itvaried considerably among beliaersity
indexesThese findings suggest that previous studies that invoked different ecological mechanisms
to explain observedegativerelationships between LCBD and local diversity may have failed to
account for their inherent statistical associa{eqg., Hill et al. 2021; Dansereau et al. 2022; Perez
et al. 2023)

Lastly, we detected a moderate negative correlation between LCBD and keystoneness
(average J} across all s i nbi38, kiguredl ¥.1V) aArralationship a | di
between these two metricsagpected becaudkey are derived based on identical (dis)similarity
indexes. Nevertheless, the weak correlation of our proposed edtmetgstonenessith various
local diversity estimates, irrespective of the chosen (dis)similarity index, renders it more suitable
for studiesexploring commurties' significanceat the metacommunity scale. This is particularly
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useful when local diversity serves as an unreliable indicator of habitat quality due to maladaptive
habitat selection induced by anthropogenic stressors.
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5.4cxtended description of mechanistic metacom

We started by randomly distributing B@bitatpatches in a geographic spalefined by x
and y coordinates ranging from O to 6lhe environmental conditions across patches were
spatially autocorrelated and scaled to range in the interval [0,5]. Spatial habitat autocorrelation in
theenvironment was given by random draws from a multivariate normal distribution (mu=0) with
a covariance matrix that incorporates exponential decay of environmental similarity with
geographic distance and is modulated by the parariétere, fixed at 0,1)In our simulations,
individuals could onlymove betweenlpysically connected patchésee below).The degreénto
which any given two patches aphysically connected decays exponentially with Euclidean
distance &) according to the following kernel function:

6 €& ¢Qup Qb2 qh) (eq.SI51)

6 ¢ ¢ & Qo vamest@ibwoa fixed threshold (here $0where truncated to zersp that
individuals could not move between the focal pair of pat¢hssn Fournier et al. 2017)All
values above this threshold were assumed to be equaltoslich we could create a network of
habitat patchesthat were environmentally heterogenaurdd differed in the number of edges
(connections) shared witheighboring patches.

Population dynamics of 100 species across the 30 patches were discrete in time and
spatially explicit Community assembly at timewas the outcome of three sequential steps: 1)
within-patchdynamicg(i.e., environmental selection, demographic stochasticity, and competition
attheintra and interspecific levels); 2) emigration; 3) immigration

Considering thal\ij is the abundance of specids sitej in timet, population dynamics
is governed by:

Orn 0€Q1 D&e 205, Orr Qr (SI15.2

The first term ofSI 5.2is amodified version of the commonly used Bevertdolt model
thatmodels timealiscrete population growth as a function of withiaitch selection and ecological
drift (i.e., demographic stochasticity); is the local performance (i.e., growth rate) of species
when conditioned to competition and habitat selection irj sitel timet, and ismodeled as:

Off Yrf 2 (S15.3

RA B RA

whereRjt is the influence of locagénvironmental conditions on species performance given by a
Gaussian response:

Yir YR ObAop— (S 5.4

where Y&t @ aepresents the maximum intrinsic growth rate and it was assumed to be equal across
species and is fixed at Bhis assumptioensured that all species had the same maximum growth
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when local conditions are optima and competition is negligible (see b&mv)irepresents local

abiotic conditions® is species environmental optimum, gns species environmental tolerance
(niche breadth). By manipulating the values ,of we could model metacommunities wherein
species were more (lower values @) or less (higher values of ) sensitive to spatial and
temporal environmental variation. Here we ran different simulation scenarios where all species
had either a narrower, ( p), intermediate ( o or broader ( v niche breadths.
Contrasting simulation outcomes across levels of niche breadth allowed us to understand how the
degree oenvironmental specialization of species pools influenced the mechanisms underpinning
community keystoneness (see Figls&sand5.3).

The term on the right of egl 5.3 models the effects of densitiependent competition at
the intraspecific and interspecific levels on population dynamics. represents the per capita

effects of specieson itself whereas is the per capita effect of all other species on the local
performanceof i. Here we assumed that stabilizing structure of competition dynamics by
assuming that > | . Assuming a stabilizing competition is relevant bec#uiseilitates

stable local coexistend®y allowing locally rare species to keppsitive population growttvhen

the populatiors of dominant competitors ai@ equilibrium at higher abundanceshe so called
invasion criterium for coexisten¢elilleRisLambers et al. 2012; Shoemaker and Melbourne 2016)

| and | were fixed at 1/200, and 1/400 across all species to allow species to coexist at
relative high abundances provided that local habitat conditions were suitable. Previous tests (not
shown) indicated that assuming different values for the inequality < | did not change
coexistence patterns but changed the equilibrium abundances of locally coexisting $pecies.
acknowledge that other types of competitive structure are observed in neduiadiging |

= | ; destabilizing | < | ), but understanding their effects on estimates of
community keystoneness goes beyond the scope of the present study.

We incorporatedhe influence ofcological drifton local birth and survival by drawing
the final local abundance of specidsom a Poissoulistribution (eqSl 5.2 whose mean is given
by the deterministic influence of abiotic densitgpendent and biotic densitydependent
selection on population dynami@ss inThompson et al. 2020)

Individuals able to persist in the local community after wipétch selection and drift at
timet could then dispers&he total number of emigrants of spediésaving sitg in timet (Op;
is given by binomial trials whose size is equal to the outcomes of wattioh dynamicdifst term
of eq. Sl 5.2 and whose probability of succesgre given bythe parameterd. d represent a
species dispersal rate (i.e., propensity to emigrate). By manipulating the valdiegeofould
simulate species more (higher levelsdpfiess (lower levels ofl) propense to leave their natal
patch. Here we ran different simulation scenarios where all species had either g lowgy, (
Intermediate[( & orhigher[ & propensity to emigrate. By doing so, we could understand
how dispersal rates influenced the association between estimates of keystoneness and patch
attributes (Figuré.2). It also allowed us to understand how the ability of the proposed estimate
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for community keystoneness to correctly identify keystones and burden communities changes
across levels of dispersal (Figw8).

The total number of immigrants of spedesriving at sitg in timet Q) is determined
by randomly sampling spatial emigrantsom neighboring patchesOp;  with weights
(probabilities)thatareequal to theiconnectivitylevel withj (i.e., equal to either 0 or 1).

We replicated (50 times) hsimulation setu@crosscombinations othe thredevels of
species’ niche breadt@nd dispersalrates,yielding a totalof 9 simulation scenarios artb0
simulationiterations.ln each simulation iterationppulation dynamics of the 100 initial species
in the regional pool were carried across3lpatches over@D0Otime stepgplus 300 time steps
after the removal of focal patches (or groups of patches) during removal experiviestseded
each patch in the first time stép) with species local (patch level) populationsdamly drawn
from a Poisson distributiowith & =. TBen Homt>-ti00, populations randomly drawn from a
Poisson distributiowitha . This allowed the chance for establishment and population growth
for all species, provided that local abiotic and biotic conditions were suitable. In addition, the
random placement of species populations across patches allowed those with similar habitat
conditions to develop communities with dissimilar compositions due to random dispersal and
priority effects (Thompsoast al. 2020).
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5.5Removal experiments: Extended results
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ChapterCoémc!| ud,i ngs gwemmtrikesn s , and f

"Theory and fact are equally strong and utterly interdependent; one
has nomeaning without the other. We need theory to organize and
interpret facts,even to know what waan or might observe. And we
need facts to validatéheories and give them substaricéGould,
1998, p. 155)

In this thesis, we set out to demonstrate dltkhowledging the influence epecies poots
mediated togdown and landscap@ediated bottorup controls ger community assembly hedp
us to better understand the ecological causes driving spatiotengootaiktdependenceon
communitydynamics Given thatthe scientific value of any conceptual model lregs ability to
generate robust predictions about the functioning and dynamics of natural sfidteriahan et
al. 2016) | employed procesbased metacommunity simulationodelsto derive predictions
regarding how the interplay betwetep-down and bottorup controlggovernsyi) Spatiotemporal
shifts in community composition (Chapt&snd5); (i) The prevailing lifehistory strategies in
metacommunities (Chaptedand4); (iii) The relative importance of assembly mechanisms across
space and tim@Chapter2) andthroughoutargescale ecological gradients (Chapdgrand;(iv)
The trajectories of metacommunities (todadifferentiation or homogenization) when faced with
natural or anthropogenic stressors (ChapteBubsequently, by assessing the similarities between
the predictions derived from our simulation models and patterns obsemexgbirical data, | could
provide empirical validatiothat conceptual framewoskconsideing bottomup and topdown
controls on community assemhldgnenhance our comprehensioncoimmunity dynamics

| deliberatelyfocusedon a reduced numbebpf landscapefeatues and species pool
attributesto investigate the interactive effects of bottamand topdown controls o community
assembly.While this simplification can enhance understandimgg acknowledge thabverly
simplified frameworks can be strippedvayfrom the ecological phenomeiriaey are meant to
represent and foster comprehengiBargelson et al. 2021fruture research should build upon the
frameworks presented in this thesis, explotiogy aspects of landscapes and species pools other
than the ones investigated here cantrolthe assembly of ecological communitiEsr example,
recent findings indicate that the spatial frequency of habitat conditions in a landscape affects the

coexistence and prevalence of ecological specialists versus generalists (Fournier et al. 2020).

Moreover for the sake of simplicityye considered landscape characteristidgetonmutable over
time (but seea slightly different approach ithe simulated removal experiments described in
Chapter5). However,landscapes are constgntthangng due to natural and anthropogenic
disturbancesSuch dynamic landscapes caitso control the assembly process ibgudng
predictable shifts in metacommunilynamicsby altering species interaction rates, habitat patch
sizes, and overall landscape connectifiigrnandes et al. 2013; Li et al. 2023; Marco Palamara
et al. 2023)
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One of theprimarygoalsof this thesis was to investigate the emergence of a feedback loop
between bottorup and topdown controls on community assembly. That is, we investigated how
landscape attributes filtetMainland Species podlsinto "Metacommunity species pobls
(Chaptes 3 and Chapted) and how the composition of metacommunity pools determines the
importance of different assembly mechanisms (Ch&)telt was done bystarting with a large
diversity of fixed/nommutable traits and allowing metacommunity dynamics (spepiesies and
speciesnvironment interactions) to select the most successful traits in the metacomimiisity.
modeling choice implies the assumption thedological mechanisms operating at fine
spatiotemporal scales can also scale up to drive patterns of trait distragutamional scales

However,our modeling design is not the only waynvestigate the feedback loop between
top-down and bottorup controls on community assembly. For instance, one could also investigate
how differences in the genesis of species pools that colonize a given landscape would lead to
different metacommunity ptrns (e.g., Thompsonet al. 2020) This approach consistsf
generating species pools with distinct trait distributions (i.e., all species with the same trait values,
but these trait values changed across simulation scenarios) anid@tlosyn to colonize the same
landscape to investigate the resulting metacommunity patterns. This framework is aligned with the
assumption that idiosyncratic differences in the breeale evolutionary and historical
mechanisms that generated species poelsher primary driver of variation in metacommunity
patterngTaylor et al. 1990; Lessaret al.2012)

Similarly, one can investigate thfeedback loops between both types aointrol on
community assemblgy investigating how landscape features influetnaé evolution (eitherby
a mutationselection process or local adaptajiand how newly evolved trastates compete with
already established ones to dominate metacommuif@esdnight 2011; Leibold et al. 2019)
This approach would be aligned with the assumption that landscape characteristics determine the
"evolutionary stablecommunitie$ in metacommunities(sensu Edwards et al. 2018)i.e.,
communitieghat emerge in a given landscapat cannot be displaced by novel or initially rare
alternativespecies

In this thesis, wenhancehe heuristic value of community assembly theory by proposing
a reduced number of genel@igh-level) ecological conditionghere, landscapes and species
pools) that modulatethe relative importance of differefitndamentalassembly processése.,
selection, dispersal, and drifjlowever, what remains underexplored is how each fundamental
assemblyprocesge.qg, selection)nfluences, or is influenced by, the effects of the other processes
on community assemblfe.g., drift and dispersal). For instance, a growing body of literature
suggests that dispersal, one of the three fundamental processes in the community assembly theo
mediates the relative importance of drift and selection in community ass@rdrlyet al. 2018)
This is because dispersal can ultimately modulate the size of local populations and communities
by mixing individuals of different communities in a large metacommuwiyen dispersal results
in reduced community size@.g., emigration higher than immigration), the importance of
ecological drift in community assembly increases becausevanfegativé stochasticity events
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(e.g.,disease outbrealor a particularlyunsuccessful reproductisseasongan havelargeimpact

on populations' sizegeading to significant shifts in community composit{@rrock and Watling
2010) In contrast, if dispersal increases the size of populatibadatwv of large numbers comes
into play, providing a buffer against drastic composition changes due to random demographic
events(Siqueira et al. 2020)n this thesis, we extend the understanding of theimd&pendence

of dispersal and other highvel assembly processes by showing how the influence of landscape
and species pool characteristics on ecological selection (i.e., the outcome and ofsppetss

and speciegnvironment interactions) determine the dispersal strategies of species in
metacommunities (Chaptet). However, there is a pressing need for further researnth
accommodate thmutual interference of higevel processes within the fodational framework

of community assembly theory.

In conclusion, this thesexploresthe interplay betweespeciegpoolmediatedtop-down
and landscapmediated bottomup controls in shaping community assembWhile our
conceptual frameworks and simulation models provided significant insights,atieeynere
simplifications of the functioning of natural systems. Thasgplified frameworkshighlight the
need for future research to delve deeper into the nuamatemvestigated hereNotably, the
dynamic nature of landscapes and the intricate interdepemtetween assembly processes, such
as dispersal, drift, and selection, warrant further exploraiemertheless, this thessnphasies
the importance of integrae frameworls that assume the existencehaittomup and topdown
controls over communitgynamics toinvestigate the dynamics of ecological communites
pave the way fofurther studiego refine our understandirapout thecontextdependetnature of
community assemblyBeyond its theoretical significance, this knowledge is crucial forigiagd
how the impact of human activities on landscapes and species pools can alter the structure,
dynamics, and natural regulation of ecological communities
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