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Chapter 1: Introduction

Freshwater bodies including lakes and rivers occupy only 0.8% of the Earth’s surface, yet
they are rich in biodiversity and provide habitat for approximately 10% of all known species
(Reid et al., 2019; Strayer & Dudgeon, 2010). From the earliest human settlements to modern
cities, humans have also relied on freshwater bodies for drinking water and sanitation, habitat for
fish and game, irrigation for agriculture, and navigable waterways for transportation and trade.
However, it is only in the last (and relatively recent) century since the Industrial Revolution that
the global human population has quadrupled to more than 7 billion people, leading to ever
greater demands on freshwater resources and ecosystem services. From 1900 to 2010, human
withdrawals of freshwater have increased by a factor of nearly eight (from ~500 to ~4000km’yr’
" worldwide, with ~70% used for agricultural irrigation (Vérosmarty et al., 2010; Wada et al.,
2016).

During this period, industrialized countries have experienced rapid growth in intensive
agricultural and urban land use, leading to the widespread degradation and destruction of stream
ecosystems. Pollution from agricultural runoff containing pesticides (Beketov et al., 2013), fine
sediments and high nutrient concentrations (Elbrecht Vasco et al., 2016; Townsend et al., 2008)
has contributed to impaired water quality and eutrophic conditions (Bennett et al., 2001). Similar
pollutants have entered streams in urbanized catchments (Walsh et al., 2005), in addition to
biocides (Wittmer et al., 2010, 2011), heavy metals (Marshall et al., 2010), and wastewater
discharges (Bunzel et al., 2013). The natural morphology and hydrological regime of many
streams has been extensively altered in both agricultural and urban areas, with streams
channelized for land reclamation, flood protection, and urban stormwater management (Vietz et
al., 2016; Walsh et al., 2005; Walsh & Webb, 2016), reducing habitat heterogeneity and
destroying riparian habitat.

In addition to pollution and habitat degradation, river networks have been fragmented by
~1 million dams for agricultural irrigation, urban land use, and hydroelectricity production
(Jackson et al., 2001; Strayer & Dudgeon, 2010), altering stream hydrology and impeding fish
migration and (re-)colonization of existing habitats. Freshwater fish populations around the
world are overexploited (Strayer & Dudgeon, 2010), and reports show that fish populations in
Europe are in decline (Freyhof et al., 2011). The impact of human activities on freshwater
ecosystems have been profound, and recent efforts to assess the current state of global freshwater
biodiversity have reported high extinction rates and population declines in freshwater ecosystems
(Dudgeon et al., 2006; Reid et al., 2019; Strayer & Dudgeon, 2010), highlighting the urgent need
to reverse the degradation of freshwater ecosystems.

Improving the ecological state of freshwater bodies requires an understanding of the
geographic distribution and composition of freshwater communities, and how these communities
respond to the dominant natural and anthropogenic environmental conditions within the area
under environmental management. Specifically, there is a need to (1) observe the characteristic
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community composition and distribution of target species' within a geographic area of interest
and under different environmental conditions, and (2) to understand how the ecological
preferences and sensitivities of species responses to natural and anthropogenic environmental
conditions influence the observed species distributions. Understanding (2) the ecological
preferences and sensitivities of species to environmental conditions requires a characterization of
the ecological niche of individual species, and to identify species that respond to specific
anthropogenic stressors.

To improve existing knowledge in these two areas, many countries have established long-
term biomonitoring programs to collect observations of freshwater communities, including
benthic macroinvertebrates, algae, macrophytes, and fish. Benthic macroinvertebrates in
particular are widely used as bio-indicators of ecological degradation because they are
widespread and relatively easy to collect, exhibit a high functional and taxonomic diversity, and
respond to a range of natural environmental conditions and anthropogenic stressors. However,
given limited financial and human (e.g., technical expertise, labour) resources, environmental
managers must consider how key aspects of biomonitoring design affect the extent to which the
observations reflect the characteristic community composition, and how these design criteria
affect our ability to characterize the ecological niches of species and quantify species responses
to natural and anthropogenic environmental conditions.

The theory that species occupy an ecological niche within an ecosystem has long been a
subject of discussion in ecology, with the earliest use of the term referring to the habitats selected
by plant species with specific physiological tolerances, morphological limitations, and feeding
requirements (Grinnell, 1917). Later, studies in animal ecology by Elton (1927) emphasized the
ecological niche as the functional role of a species within the food chain, and the impact of a
species in shaping its environment (Elton, 1927). The concepts of the ecological niche proposed
by Grinnell and Elton were eventually amalgamated together with the competitive exclusion
principle, which states that two species competing for the same limited resource cannot co-exist
in equilibrium (Gause et al., 1934; Hardin, 1960; Vandermeer, 1972).

In modern ecological niche theory (originally proposed by Hutchinson in 1957), a
distinction is made between the fundamental niche and the realized niche of a species (Ellenberg
1953, Hutchinson, 1957). The fundamental niche is the full potential of a species to use
environmental resources in geographic space (similar to the Grinnellian niche), constituting an n-
dimensional hypervolume of environmental conditions. However, competition (including direct
resource competition and predation) constrains the distribution of the species to a realized niche
that occupies only a portion of its fundamental niche (Ellenberg 1953, Hutchinson, 1957). The
realized niche of a species thus considers how the optimal habitat conditions (based on available

'In this thesis, the word “species” may be used in a context (e.g., when referring to “species distribution models™)
where the taxon is not necessarily identified to the species-level.
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resources) selected by a species and its biotic interactions give rise to the geographic distribution
of the species.

To approximate the ecological niches of species, mechanistic (i.e., process-based) models
and a variety of statistical and machine learning techniques have been proposed to quantify how
species respond to natural and anthropogenic environmental conditions. In mechanistic
modelling approaches, prior knowledge on the causality of ecological processes (e.g., growth,
respiration, death) is incorporated in the model structure and formulation (Kearney & Porter,
2009), and biotic interactions between species (e.g., predation and competition for food) may be
explicitly included (e.g., Schuwirth & Reichert, 2013). However, mechanistic approaches may
not be feasible if there is limited knowledge about the underlying ecological processes and
environmental conditions that drive the distribution of a species. An additional barrier is the high
computational cost of mechanistic models, and the difficulty of inferring information about
processes and parameters from data.

Statistical techniques have typically been applied to datasets consisting of sites
(geographic locations) with presence-absence or count (i.e., abundance) observations of species
derived from survey or biomonitoring data. Early studies often applied dimensionality reduction
techniques to highly multivariate datasets (i.e., with large numbers of taxa), including principle
components analysis to explore dominant trends in community composition over many sites, and
constrained ordination to identify similar responses among taxa to selected environmental
conditions (Legendre & Legendre, 2012). However, the results of these techniques are not easily
interpretable in terms of species responses to environmental conditions or the derivation of
recommendations for management.

Statistical species distribution models (SDMs; also known as niche models or habitat
distribution models) have become widely used tools to predict species distributions based on
natural and anthropogenic environmental conditions. Since the development of classical
statistical models such as the generalized linear model (GLM) and generalized additive model
(GAM) (Guisan et al., 2002; Hastie & Tibshirani, 1986), SDMs have come to encompass a broad
range of models and algorithms, including multivariate adaptive regression splines (Friedman,
1991; Leathwick et al., 2005), artificial neural networks (Olden & Jackson, 2002), and
classification and regression trees and ensembles of trees (random forests: Breiman, 2001; Cutler
et al., 2007, boosted regression trees: Elith et al., 2008). Current SDM applications have been
criticised for weak linkages to ecological theory (Elith & Leathwick, 2009) and often have only
limited relevance for management (Guisan et al., 2013). However, SDMs have great potential to
be used to infer species responses to natural and anthropogenic environmental conditions. This
requires a careful selection of potential predictor variables that have a causal link to species
occurrence.

There are several approaches to applying SDMs, each with their own advantages and
limitations. Perhaps the most common approach is to fit an individual SDM (iISDM) to a taxon,
or to each taxon in a community to obtain “stacked” iSDMs of the community (Guisan &
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Rahbek, 2011). However, the parameters of iSDMs for rare taxa may be difficult to identify for
increasingly complex models (i.e., with additional environmental variables; Elith et al., 2006;
Hernandez et al., 2006; Sor et al., 2017). Another limitation of stacked iISDMs is that, contrary to
ecological niche theory, species distributions are modelled independently of one another and
dependencies among their distributions are ignored. Stacked iISDMs have been used to estimate
community properties such as species richness, but tend to overpredict species richness (Clark et
al., 2014; Guisan & Rahbek, 2011). A more direct approach to modelling community properties
would be to use a richness model (RM; e.g., Guisan & Rahbek, 2011; Kaelin & Altermatt, 2016),
at the cost of ignoring taxon-specific distributions.

More recently, studies have applied multi-species and joint species distribution models
(mSDMs and jSDMs, respectively) that combine the analytical possibilities of iISDMs and RMs
by inferring the responses of multiple taxa to environmental conditions under one model
(Gelfand et al., 2005; Latimer et al., 2009; Ovaskainen & Soininen, 2011; Warton, Foster, et al.,
2015). Multi-species models are often implemented by assuming the responses of individual taxa
follow a community response to the selected explanatory variable, leading to a model structure
similar to the hierarchical GLM proposed by Ovaskainen & Soininen (2011). Joint SDMs can
also include hierarchical structures, but additionally quantify residual correlations between taxa
after accounting for the explanatory variables included in the model (Pollock et al., 2014;
Warton, Blanchet, et al., 2015). The residual correlations between taxa have been used to explore
hypotheses of patterns between distributions of taxa that may be due to biotic interactions, shared
habitat preferences, or explanatory variables not included in the model (Dormann et al., 2018).

The overall objective of this thesis is to use multivariate statistical models to infer anthropogenic
impacts on macroinvertebrates and fish communities in streams from existing biomonitoring
data. The thesis consists of three core chapters corresponding to the following three journal
articles:

Chapter 2: Caradima B., Schuwirth N. & Reichert P. (2019). From individual to joint species
distribution models: A comparison of model complexity and predictive performance. Journal of
Biogeography, 46, 2260-2274.

Chapter 3: Caradima B., Reichert P. & Schuwirth N. (2020). Effects of site selection and
taxonomic resolution on the inference of stream invertebrate responses to environmental
conditions. Freshwater Science, 39(3).

Chapter 4: Caradima B., Scheidegger A., Brodersen J., Schuwirth N. (in review) Bridging
mechanistic conceptual models and statistical species distribution models of riverine fish.

In the following sections, I will describe the aims and research questions of each chapter.

Chapter 2 — From individual to joint species distribution models: a comparison of model
complexity and predictive performance

Multiple studies have compared the performance of stacked iISDMs versus mSDMs and
JSDMs when applied to a variety of ecological communities (Clark et al., 2014; Gelfand et al.,
2005; Ovaskainen et al., 2016; Warton, Blanchet, et al., 2015), yet relatively few have compared
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the performance of these modelling approaches when applied to freshwater communities and
stream invertebrates in particular (Inoue et al., 2017; Ovaskainen & Soininen, 2011; Radinger et
al., 2019; Zurell et al., 2020). In the following second chapter of this thesis, we comprehensively
compare the performance of increasingly complex individual, multi-species, and joint species
distribution models when applied to a dataset of stream invertebrate communities in Switzerland.
While comparing these models, we pose the following questions:

1. To what extent and why do individual models, a hierarchical multispecies model (of
varying complexity) and a joint model differ in quality of fit, explanatory power and
predictive performance for the overall community? How does model performance depend
on the prevalence of a taxon in a community with many rare taxa?

2. To what extent can we quantify the residual correlations between taxa in a joint model
and to what extent does this improve model performance with respect to a hierarchical
multispecies model?

3. How well do hierarchical multispecies and joint models predict richness when compared
to modelling richness directly?

In this Chapter, we highlight the analytical possibilities and limitations of these different
modelling approaches, and select a parsimonious model to quantify stream invertebrate
responses to environmental conditions for the subsequent Chapter.

Chapter 3 — Effects of site selection and taxonomic resolution on the inference of stream
invertebrate responses to environmental conditions

Key aspects in the design of biomonitoring programs affect our ability to quantify stream
invertebrate responses to natural and anthropogenic environmental conditions. For instance,
while identifying taxa at a finer resolution is more costly, genera and species within the same
family often respond differently to environmental conditions (Bailey et al., 2001; Jones, 2008).
Similarly, the selection of sites and their geographic extent in a biomonitoring program
determines the coverage of natural and anthropogenic environmental conditions that are sampled,
and the stream invertebrate communities that inhabit them. Biomonitoring sites can be selected
according to program goals, such as quantifying the representative biodiversity in a region or
assessing the impact of pollution from wastewater treatment plants. However, the selection and
geographic extent of sites can also limit our ability to infer anthropogenic impacts (e.g., effects
of climate change on stream temperature; Kuemmerlen et al., 2015) on stream invertebrate
communities (Kuemmerlen et al., 2016; Thuiller et al., 2004).

In Chapter 3, we use a model-based approach to explore how these particular aspects of
biomonitoring design affect our ability to quantify stream invertebrate responses to natural and
anthropogenic environmental conditions, and to predict the distributions of taxa. Based on our
conclusions in comparing species distribution modelling approaches in Chapter 2, we apply a
hierarchical multi-species distribution model to four datasets of stream invertebrate communities
in Switzerland that differ in key aspects of biomonitoring design, including taxonomic
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resolution, site-selection strategy, and geographic extent. In doing so we address the following
research questions:

1.

How do various aspects of biomonitoring design (taxonomic resolution, site-selection
strategy, geographic extent) affect our ability to explain and predict the occurrence of
stream invertebrates and quantify the relative importance of explanatory variables in the
model?

To what extent can a model-based analysis support the identification of taxa for which a
finer taxonomic resolution would improve our ability to infer anthropogenic impacts on
freshwater ecosystems, and how does this ability depend on the prevalence of these taxa?

In addressing these research questions, we derive recommendations for practice on how to
further improve biomonitoring design and management of macroinvertebrates in streams.

Chapter 4 — Bridging mechanistic conceptual models and statistical species distribution
models of riverine fish

In Chapter 4, we develop SDMs of freshwater fish, with the overarching aim of (i) using

conceptual models to identify dominant natural and anthropogenic environmental conditions
with a direct, mechanistic effect on freshwater fish species distributions, and (ii) apply fish
SDMs that are informed by the conceptual model and incorporate the observation process
(including the fishing method used and sampling effort) into the model structures. To accomplish
this overarching aim, we pursue the following research objectives:

1y

2)

3)

4)

)

Develop mechanistic conceptual models of fish species autecology that summarize the
dominant natural and anthropogenic environmental variables that affect the distribution
of freshwater fish species.

Develop species distribution models, including (i) a relatively simple presence-absence
model (PAM) and (ii) a zero-inflated model (ZIM) for fish density (fish count per unit
area fished) based on the most important environmental influence factors.

Account for the observation error in our models to incorporate data with different
sampling methods (i.e., qualitative, semi-quantitative, and quantitative).

Consider habitat fragmentation (due to natural and anthropogenic barriers in the river
network) and influence factors that act at different spatial scales (e.g., reach and
accessible area).

Compare the predictive performance of the statistical models (for presence-absence and
density) and compare the environmental variables in the selected statistical models with
the conceptual model to identify deficits in data availability and to suggest potential
improvements to the statistical model.

In achieving these objectives, we address the following research questions:
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1) To what extent can we predict the occurrence and density of freshwater fish in a region
with a large range of environmental conditions from densely populated areas with
intensive agriculture to alpine regions (based on currently available data from different
fish monitoring programs in Switzerland)?

2) Are the environmental influence factors identified in the statistical models plausible
given prior knowledge on the response of species to environmental conditions?

Chapter 5 — Conclusions and Outlook

In the fifth and final Chapter of this thesis, I derive overarching conclusions from our key
findings in the development and performance of species distribution models for stream
invertebrate and fish communities, and how model-based analyses can support the improvement
of stream biomonitoring and management of stream invertebrates. From these conclusions, I
identify the most fruitful areas of additional research, including how to improve future
applications of species distribution models in the study of freshwater ecosystems, conservation,
and management.



Chapter 1: Introduction

References

Bailey, R. C., Norris, R. H., & Reynoldson, T. B. (2001). Taxonomic resolution of benthic
macroinvertebrate communities in bioassessments. Journal of the North American
Benthological Society, 20(2), 280-286.

Beketov, M. A., Kefford, B. J., Schifer, R. B., & Liess, M. (2013). Pesticides reduce regional
biodiversity of stream invertebrates. Proceedings of the National Academy of Sciences,
110(27), 11039-11043.

Bennett, E. M., Carpenter, S. R., & Caraco, N. F. (2001). Human Impact on Erodable
Phosphorus and Eutrophication: A Global Perspective Increasing accumulation of

phosphorus in soil threatens rivers, lakes, and coastal oceans with eutrophication.
BioScience, 51(3), 227-234.

Breiman, L. (2001). Random Forests. Machine Learning, 45(1), 5-32.

Bunzel, K., Kattwinkel, M., & Liess, M. (2013). Effects of organic pollutants from wastewater
treatment plants on aquatic invertebrate communities. Water Research, 47(2), 597-606.

Clark, J. S., Gelfand, A. E., Woodall, C. W., & Zhu, K. (2014). More than the sum of the parts:
forest climate response from joint species distribution models. Ecological Applications,
24(5), 990-999.

Cutler, D. R., Edwards, T. C., Beard, K. H., Cutler, A., Hess, K. T., Gibson, J., & Lawler, J. J.
(2007). Random Forests for Classification in Ecology. Ecology, 88(11), 2783-2792.

Dormann, C. F., Bobrowski, M., Dehling, D. M., Harris, D. J., Hartig, F., Lischke, H., Moretti,
M. D., Pagel, J., Pinkert, S., Schleuning, M., Schmidt, S. 1., Sheppard, C. S., Steinbauer,
M. J., Zeuss, D., & Kraan, C. (2018). Biotic interactions in species distribution
modelling: 10 questions to guide interpretation and avoid false conclusions. Global
Ecology and Biogeography, 1-13.

Elbrecht V., Beermann Arne J., Goessler Gunnar, Neumann Janis, Tollrian Ralph, Wagner
Riidiger, Wlecklik Andre, Piggott Jeremy J., Matthaei Christoph D., & Leese Florian.
(2016). Multiple-stressor effects on stream invertebrates: a mesocosm experiment
manipulating nutrients, fine sediment and flow velocity. Freshwater Biology, 61(4), 362—
375.

Elith, J., Leathwick, J. R., & Hastie, T. (2008). A working guide to boosted regression trees.
Journal of Animal Ecology, 77(4), 802—813.

Elith, J., Catherine, G., P Anderson, R., Dudik, M., Ferrier, S., Guisan, A., J Hijmans, R.,
Huettmann, F., R Leathwick, J., Lehmann, A., Li, J., & others. (2006). Novel methods
improve prediction of species’ distributions from occurrence data. Ecography, 29(2),
129-151.

Elith, J., & Leathwick, J.R. (2009). Species distribution models: ecological explanation and
prediction across space and time. Annual Review of Ecology, Evolution, and Systematics.
40, 677-697.

Freyhof, J., Brooks, E., Commission, I. S. S., & others. (2011). European red list of freshwater
fishes. IUCN, International Union for Conservation of Nature and Natural Resources.



Chapter 1: Introduction

Friedman, J. H. (1991). Multivariate Adaptive Regression Splines. The Annals of Statistics,
19(1), 1-67.

Gause, G. F., Nastukova, O. K., & Alpatov, W. W. (1934). The Influence of Biologically
Conditioned Media on the Growth of a Mixed Population of Paramecium caudatum and
P. aureliax. Journal of Animal Ecology, 3(2), 222-230.

Gelfand, A. E., Schmidt, A. M., Wu, S., Silander, J. A., Latimer, A., & Rebelo, A. G. (2005).
Modelling species diversity through species level hierarchical modelling. Journal of the
Royal Statistical Society: Series C (Applied Statistics), 54(1), 1-20.

Grinnell, J. (1917). Field Tests of Theories Concerning Distributional Control. The American
Naturalist, 51(602), 115-128.

Guisan, A., Edwards, T. C., & Hastie, T. (2002). Generalized linear and generalized additive
models in studies of species distributions: setting the scene. Ecological Modelling,
157(2), 89-100.

Guisan, A., & Rahbek, C. (2011). SESAM - a new framework integrating macroecological and
species distribution models for predicting spatio-temporal patterns of species
assemblages. Journal of Biogeography, 38(8), 1433—1444.

Guisan, A., Reid, T., Baumgartner, J.B., Naujokaitis-Lewis, 1., Sutcliffe, P.R., Tulloch, A.L.T., et
al., (2013). Predicting species distribution for conservation decisions. Ecology Letters,
16, 1424-1435.

Hardin, G. (1960). The Competitive Exclusion Principle. Science, 131(3409), 1292—-1297.

Hastie, T., & Tibshirani, R. (1986). Generalized Additive Models. Statistical Science, 1(3), 297—
310.

Hernandez, P. A., Graham, C. H., Master, L. L., & Albert, D. L. (2006). The effect of sample
size and species characteristics on performance of different species distribution modeling
methods. Ecography, 29(5), 773-785.

Inoue, K., Stoeckl, K., & Geist, J. (2017). Joint species models reveal the effects of environment
on community assemblage of freshwater mussels and fishes in European rivers. Diversity

and Distributions, 23(3), 284-296.

Jackson, R. B., Carpenter, S. R., Dahm, C. N., McKnight, D. M., Naiman, R. J., Postel, S. L., &
Running, S. W. (2001). Water in a changing world. Ecological Applications, 1027-1045.

Jones, F. C. (2008). Taxonomic sufficiency: The influence of taxonomic resolution on freshwater
bioassessments using benthic macroinvertebrates. Environmental Reviews, 16, 45—69.

Kearney, M., & Porter, W. (2009). Mechanistic niche modelling: combining physiological and
spatial data to predict species’ ranges. Ecology Letters, 12(4), 334-350.

Kuemmerlen, M., Schmalz, B., Cai, Q., Haase, P., Fohrer, N., & Jihnig, S. C. (2015). An attack
on two fronts: predicting how changes in land use and climate affect the distribution of
stream macroinvertebrates. Freshwater Biology, 60(7), 1443—1458.

Kuemmerlen, M., Stoll, S., Sundermann, A., & Haase, P. (2016). Long-term monitoring data
meet freshwater species distribution models: Lessons from an LTER-site. Ecological
Indicators, 65, 122—132.



Chapter 1: Introduction

Latimer, A. M., Banerjee, S., Sang Jr, H., Mosher, E. S., & Silander Jr, J. A. (2009). Hierarchical
models facilitate spatial analysis of large data sets: a case study on invasive plant species
in the northeastern United States. Ecology Letters, 12(2), 144—154.

Leathwick, J. R., Rowe, D., Richardson, J., Elith, J., & Hastie, T. (2005). Using multivariate
adaptive regression splines to predict the distributions of New Zealand’s freshwater
diadromous fish. Freshwater Biology, 50(12), 2034-2052.

Legendre, P., & Legendre, L. (2012). Numerical Ecology (3rd ed., Vol. 24). Elsevier.

Marshall, S., Pettigrove, V., Carew, M., & Hoffmann, A. (2010). Isolating the impact of
sediment toxicity in urban streams. Environmental Pollution, 158(5), 1716-1725.

Olden, J. D., & Jackson, D. A. (2002). A comparison of statistical approaches for modelling fish
species distributions. Freshwater Biology, 47(10), 1976—1995.

Ovaskainen, O., Abrego, N., Halme, P., & Dunson, D. (2016). Using latent variable models to
identify large networks of species-to-species associations at different spatial scales.
Methods in Ecology and Evolution, 7(5), 549-555.

Ovaskainen, O., & Soininen, J. (2011). Making more out of sparse data: hierarchical modeling of
species communities. Ecology, 92(2), 289-295.

Pollock, L. J., Tingley, R., Morris, W. K., Golding, N., O’Hara, R. B., Parris, K. M., Vesk, P. A.,
& McCarthy, M. A. (2014). Understanding co-occurrence by modelling species
simultaneously with a Joint Species Distribution Model (JSDM). Methods in Ecology and
Evolution, 5(5), 397-406.

Radinger, J., Alcaraz-Hernandez, J. D., & Garcia-Berthou, E. (2019). Environmental filtering
governs the spatial distribution of alien fishes in a large, human-impacted Mediterranean
river. Diversity and Distributions, 25(5).

Reid, A. J., Carlson, A. K., Creed, 1. F., Eliason, E. J., Gell, P. A., Johnson, P. T. J., Kidd, K. A.,
MacCormack, T. J., Olden, J. D., Ormerod, S. J., Smol, J. P., Taylor, W. W., Tockner, K.,
Vermaire, J. C., Dudgeon, D., & Cooke, S. J. (2019). Emerging threats and persistent
conservation challenges for freshwater biodiversity. Biological Reviews, 94(3), 849—873.

Schuwirth, N., & Reichert, P. (2013). Bridging the gap between theoretical ecology and real
ecosystems: modeling invertebrate community composition in streams. Ecology, 94(2),
368-379.

Sor, R., Park, Y.-S., Boets, P., Goethals, P. L. M., & Lek, S. (2017). Effects of species
prevalence on the performance of predictive models. Ecological Modelling, 354, 11-19.

Strayer, D. L., & Dudgeon, D. (2010). Freshwater biodiversity conservation: recent progress and
future challenges. Journal of the North American Benthological Society, 29(1), 344-358.

Thuiller, W., Brotons, L., Aratjo, M. B., & Lavorel, S. (2004). Effects of restricting
environmental range of data to project current and future species distributions.
Ecography, 27(2), 165-172.

Townsend, C. R., Uhlmann, S. S., & Matthaei, C. D. (2008). Individual and combined responses
of stream ecosystems to multiple stressors. Journal of Applied Ecology, 45(6), 1810—
1819.

10



Chapter 1: Introduction

Vandermeer, J. H. (1972). Niche Theory. Annual Review of Ecology and Systematics, 3, 107—
132.

Vietz, G. J., Walsh, C. J., & Fletcher, T. D. (2016). Urban hydrogeomorphology and the urban
stream syndrome: Treating the symptoms and causes of geomorphic change. Progress in
Physical Geography: Earth and Environment, 40(3), 480—492.

Vorosmarty, C. J., Mclntyre, P. B., Gessner, M. O., Dudgeon, D., Prusevich, A., Green, P.,
Glidden, S., Bunn, S. E., Sullivan, C. A., Liermann, C. R., & Davies, P. M. (2010).
Global threats to human water security and river biodiversity. Nature, 467(7315), 555—
561.

Wada, Y., Florke, M., Hanasaki, N., Eisner, S., Fischer, G., Tramberend, S., Satoh, Y., van Vliet,
M., Yillia, P., Ringler, C., & Wiberg, D. (2016). Modeling global water use for the 21st
century: Water Futures and Solutions (WFaS) initiative and its approaches. Geoscientific
Model Development, 9, 175-222.

Walsh, C. J., Roy, A. H., Feminella, J. W., Cottingham, P. D., Groffman, P. M., & Morgan, R. P.
(2005). The urban stream syndrome: current knowledge and the search for a cure.
Journal of the North American Benthological Society, 24(3), 706—723.

Walsh, C. J., & Webb, J. A. (2016). Interactive effects of urban stormwater drainage, land
clearance, and flow regime on stream macroinvertebrate assemblages across a large
metropolitan region. Freshwater Science, 35(1), 324-339.

Warton, D. 1., Blanchet, F. G., O’Hara, R. B., Ovaskainen, O., Taskinen, S., Walker, S. C., &
Hui, F. K. C. (2015). So Many Variables: Joint Modeling in Community Ecology. Trends
in Ecology & Evolution, 30(12), 766—779.

Warton, D. L., Foster, S. D., De’ath, G., Stoklosa, J., & Dunstan, P. K. (2015). Model-based
thinking for community ecology. Plant Ecology, 216(5), 669—682.

Wittmer, L., Bader, H.-P., Scheidegger, R., Singer, H., Liick, A., Hanke, 1., Carlsson, C., &
Stamm, C. (2010). Significance of urban and agricultural land use for biocide and
pesticide dynamics in surface waters. Water Research, 44(9), 2850-2862.

Wittmer, 1., Scheidegger, R., Bader, H.-P., Singer, H., & Stamm, C. (2011). Loss rates of urban
biocides can exceed those of agricultural pesticides. Science of The Total Environment,
409(5), 920-932.

Zurell, D., Zimmermann, N. E., Gross, H., Baltensweiler, A., Sattler, T., & Wiiest, R. O. (2020).
Testing species assemblage predictions from stacked and joint species distribution
models. Journal of Biogeography, 47(1), 101-113.

11



Chapter 2
From individual to joint species distribution models:
a comparison of model complexity and predictive
performance

Bogdan Caradima®®, Nele Schuwirth®?, Peter Reichert®P

dEawag: Swiss Federal Institute of Aquatic Science and Technology
8600 Diibendorf, Switzerland
PETH Zurich, Institute of Biogeochemistry and Pollutant Dynamics
8092 Ziirich, Switzerland

This chapter is an accepted version of the following publication:

Caradima, B., Schuwirth, N., & Reichert, P. (2019). From individual to joint species distribution
models: A comparison of model complexity and predictive performance. Journal of Biogeography,
46(10), 2260-2274. https://doi.org/10.1111/jbi. 13668

12


https://doi.org/10.1111/jbi.13668

Chapter 2: From individual to joint species distribution models: a comparison of model
complexity and predictive performance

Abstract

Aim Species distribution models (SDMs) are widely used to study geographic distributions

of taxa in response to natural and anthropogenic environmental conditions. For a community,

common approaches include fitting individual SDMs (iISDMs) to all taxa or directly modelling

community properties such as richness. However, the parameters of iSDMs are difficult to

identify for rare taxa, and community properties do not reveal taxon-specific responses. Indi-

vidual models can be combined into a hierarchical multi-species distribution model (mSDM)

that constrains taxon-specific parameters according to overarching community parameters, or a

joint model (jSDM) in which interdependencies between taxa are jointly inferred. We compare

how individual, hierarchical multi-species, and joint SDMs differ in quality of fit, explanatory

power, and predictive performance, and analyze how these properties depend on the prevalence

of taxa.

Taxa Presence-absence observations of 245 benthic macroinvertebrate taxa identified at a

mixed taxonomic resolution.
Location 492 sites in rivers throughout Switzerland.

Methods Individual, hierarchical, and joint hierarchical generalized linear models (GLM)

were developed for all taxa. Parameters were estimated using maximum likelihood estimation

or Bayesian inference with Hamiltonian Markov chain Monte Carlo simulations. Predictive

performance was assessed with cross-validation. In addition, the predicted family and species

richness of the models was compared with a GLM for richness.

Results Individual models show a slightly higher quality of fit largely due to overfitting for rare

taxa. The mSDM achieves a similar quality of fit and explanatory power, mitigates overfitting

for rare taxa, and considerably improves predictive performance over the whole community.

The joint models further improve the quality of fit, but decrease predictive performance and

increase predictive uncertainty.

Main conclusions We show that even a relatively simple mSDM combines many of the an-

alytical capabilities of iISDMs and improves predictive performance. Increasingly complex

mSDMs and jSDMs provide additional analytical possibilities, but depending on the data and

research questions, different levels of complexity may be appropriate.
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1 Introduction

Statistical species distribution models (SDMs) have become important tools for explaining and
predicting the geographic distributions of taxa in response to key environmental conditions, yet
ecologists are often confronted with complex community data (typically consisting of presence-
absence or abundance observations at sampled sites) that is multivariate and sparse (i.e., containing
a large number of taxa and many zeroes). Selecting an appropriate model given the data and
research questions at hand can be difficult, given the variety of fundamentally different approaches
in statistical species distribution modelling.

Perhaps the most common approach of applying a statistical SDM is to fit an individual SDM
(iISDM) to a taxon, or to each taxon in a community to yield “stacked” iSDMs of the whole
community (often with identical explanatory variables; Guisan and Rahbek, 2011). Stacked iS-
DMs quantify taxon-specific responses and can be used to estimate community properties such as
species richness, although community properties can be modelled directly as a response variable
in a richness model (RM; e.g., Kaelin and Altermatt, 2016). Both approaches have major short-
comings: unless taxon-specific iSDMs are used (with very few or no explanatory variables for
rare taxa), studies applying stacked iISDMs often must exclude rare taxa due to the difficulty of
identifying their parameters (Aitken et al., 2007; Elith et al., 2006; Guisan et al., 2006). Moreover,
stacked iISDMs tend to overpredict species richness (e.g., Clark et al., 2014; Guisan and Rahbek,
2011), while RMs inherently ignore taxon-specific distributions. Another approach is to fit mul-
tiple iISDMs to a taxon and combine the models in an ensemble-based approach that can improve
predictive performance and quantify predictive uncertainty due to different model structures. Al-
though ensemble-based approaches have been shown to reduce predictive errors for rare taxa (e.g.,
Breiner et al., 2015; Lomba et al., 2010), the biological interpretation and comparison of multiple
different models is more difficult relative to an individual model.

Rather than individually modelling the distributions of taxa independently of one another, more
recent studies have applied multi-species and joint species distribution models (mSDMs and jS-
DMs, respectively) in which the responses of multiple taxa to environmental conditions are jointly
inferred under one model (Latimer et al., 2009; Ovaskainen and Soininen, 2011; Warton et al.,
2015b). Commonly implemented as an extended generalized linear model (GLM; see Guisan
et al., 2002), an mSDM can quantify the responses of individual taxa according to a community re-
sponse to the selected explanatory variables, leading to a hierarchical model structure. For instance,
stacked iISDMs can be extended into a relatively simple hierarchical mSDM by introducing over-
arching community parameter distributions that effectively constrain the taxon-specific responses
for each explanatory variable, similar to the model proposed by Ovaskainen and Soininen (2011).
In a hierarchical mSDM, the response of the community and all individual taxa to the explanatory
variables are quantified, allowing community properties such as richness to be derived as well.
Moreover, hierarchical mSDMs can be extended with site- or sample-specific effects to quantify
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the effect of unknown explanatory variables not included in the model on the distributions of taxa,
potentially guiding the selection of additional explanatory variables (Bolker et al., 2009; Warton
et al., 2015a).

A joint model can include hierarchical structures similar to an mSDM, but additionally quantifies
residual correlations between taxa after accounting for the explanatory variables included in the
model (Pollock et al., 2014; Warton et al., 2015a). The residual correlations between taxa have been
used to explore and test hypotheses of patterns between distributions of taxa arising due to biotic
interactions or unknown explanatory variables, and to quantify associations between taxa under
varying environmental conditions (e.g., Tikhonov et al., 2017) or spatial scales (e.g., Ovaskainen
et al., 2016a). Studies applying j]SDMs have emphasized that the residual correlations between
taxa do not directly quantify biotic interactions, and should be interpreted with caution (Clark
et al., 2014; Dormann et al., 2018). For example, a positive correlation between two species may
be due to mutualism or competition (e.g., due to high niche overlap; see Clark et al., 2014), or
due to an explanatory variable not included in the model (Ovaskainen et al., 2010; Tikhonov et al.,
2017; Warton et al., 2015a). Joint models have been applied to a variety of communities (e.g.,
Pollock et al., 2014), including waterbirds and bryophytes (e.g., Ovaskainen et al., 2017), trees
(e.g., Clark et al., 2014), butterflies (e.g., Ovaskainen et al., 2016b), and marine fish (e.g., Thorson
et al., 2016). Comparative studies have found that relative to individual modelling approaches,
equivalent hierarchical multi-species and joint model structures improve predictive performance
for the overall community (e.g., Clark et al., 2014; Hui et al., 2013; Ovaskainen and Soininen,
2011; Taylor-Rodriguez et al., 2017), and quantify community properties such as species richness
(e.g., Clark et al., 2014; Taylor-Rodriguez et al., 2017).

Despite many applications, few studies have conducted a comprehensive methodological compari-
son of the performance of stacked individual, hierarchical multi-species, and joint species distribu-
tion models for community modelling and prediction, or for modelling community properties such
as richness (e.g., Clark et al., 2014; Hui et al., 2013; Ovaskainen et al., 2016b; Taylor-Rodriguez
et al., 2017; Tikhonov et al., 2017). In this paper, we compare the performance of equivalent indi-
vidual and joint modelling approaches, incrementally extending an individual model into a hierar-
chical multi-species and finally into a joint model that quantifies both the effects of environmental
conditions on each taxon and the residual correlations between taxa. Based on these models, we
explore and analyze differences in model performance using an extensive dataset of benthic stream
macroinvertebrate communities in Switzerland with a wide range in prevalence (i.e., the proportion
of samples in which a taxon was present) and many rare taxa, specifically emphasizing how model
performance is affected by the prevalence of the taxa. While comparing these models we pose the
following questions:

1. To what extent and why do individual models, a hierarchical multi-species model (of vary-
ing complexity), and a joint model differ in quality of fit, explanatory power, and predictive
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performance for the overall community? How does model performance depend on the preva-
lence of a taxon in a community with many rare taxa?

2. To what extent can we quantify the residual correlations between taxa in a joint model, and
to what extent does this improve model performance with respect to a hierarchical multi-
species model?

3. How well do hierarchical multi-species and joint models predict richness when compared to
modelling richness directly?

We address our research questions by performing a systematic variable selection procedure using
iSDMs (i.e., stacked individual GLMs) to select a set of explanatory variables that optimize the
mean predictive performance for taxa with identifiable parameters. We then compare the quality
of fit during calibration and predictive performance under cross-validation of individual models
to an equivalent hierarchical multi-species model (i.e., an mSDM). We then extend the mSDM to
include correlated hierarchical parameters, site-specific effects, and residual correlations between
taxa (parameterized with latent variables) to obtain a hierarchical joint generalized linear model
(i.e., ajSDM). We aim to analyze how these model elements affect model performance, the quan-
tification of community- and taxon-specific responses, and richness.

We hypothesize that (1) the iISDMs will exhibit a slightly better quality of fit during calibration than
an mSDM with an equivalent model structure, but will be prone to overfitting for increasingly rare
taxa due to unconstrained parameter estimates. The hierarchical structure of the mSDM should
achieve a similar quality of fit, constrain the parameters for individual taxa, mitigate overfitting,
and improve predictive performance for the community. We expect that (2) relative to an mSDM,
a joint model quantifying residual correlations between taxa should further improve predictive per-
formance due to the role of biotic interactions or joint responses to unknown explanatory variables
in driving community composition. Following from (2) we expect that (3) a joint model should
improve performance for predicted richness relative to an RM or mSDM.

2 Methods

2.1 Study Area & Data

We used data from the program ‘Biodiversity Monitoring in Switzerland’ (BDM; BDM Coordina-
tion Office, 2009). It consists of semi-quantitative abundance observations of macroinvertebrates
based on Swiss multi-habitat sampling protocols for stream assessments (Stucki, 2010). A total of
580 samples were taken at 492 sites located throughout Switzerland using the Swiss topographic
grid and sampled between 2011 and 2015 during March and July, depending on the elevation of
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the sites (SI Figure S1.1). For the purposes of this study, we used presence-absence observations
of 245 benthic macroinvertebrate taxa at a mixed taxonomic resolution (based on the highest level
of identification, with species resolution only for EPT! orders).

2.2 Model Definitions

In defining the individual, hierarchical multi-species, and joint models below in a stepwise ap-
proach, we identified six distinct models in our analysis to quantify how various aspects of model
performance depend on increasing model complexity. The following indices are used throughout

the paper:
Sites: ie{l,....I}
Samplings at site i: ted{l,...,T;}
Taxa (“species”): je{l,...,J}
Explanatory variables: k€ {1,...,K}
Latent variables le{l,...,L}

For a presence-absence response where observations are yj,; = 1 if a taxon is observed as present
and y;,; = 0 if the taxon is not observed as present, we apply a generalized linear model with
a logistic link function to each taxon to obtain probabilistic predictions that the random variable
Yy;,; = 1 (see Guisan et al., 2002). The probability of occurrence (including the probability of
detection) P(Yy,; = 1| x, '™ B“**) given the explanatory variables x, and the taxon-specific
parameters o™ and B is equal to the link function (2) evaluated at a linear combination of the
explanatory variables and parameters (1). The explanatory variables shift the linear predictor z (1)
that, through the logistic link function, yields a probability of occurrence (2).

K
taxa taxa
Zitj = Q;j + k§1 Xitik P j ) (D

1
P(Yitij =1 | X, ataxajﬁtaxa) _ (2)

The observations are assumed to be Bernoulli distributed with P <Yit,- il x, ot ﬁtaxa) equal to
P (Yy; = 1] x, ™ B if a taxon is present at asite (yy,; = 1) or 1 — P (¥, = 1 | x, '™ %)
if a taxon is absent (y;;; = 0). When fitting an iSDM to each taxon (i.e., stacked iSDMs) in
the community, the joint probability of the observations of all taxa given the model structure,
explanatory variables, and parameters is

I T, J

P (y ‘ X, (Xtaxa,ﬁtaxa) :HHH p (yitij ‘ X, ataxa’ﬁtaxa) ‘ 3)

i=1t=1j=1

1Ephemeroptera (mayflies), Plecoptera (stoneflies), and Trichoptera (caddisflies).
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In applying an identical iSDM to each taxon, the parameters for rare taxa may be difficult to iden-
tify. This limitation is addressed in the mSDM by assuming that the taxon-specific parameters
a;axa and ,/3,?]‘."a are distributed according to and constrained by the corresponding community dis-
tributions o™ and B°™™ (Ovaskainen and Soininen, 201 1)%. The taxon-specific parameters are
then inferred jointly with the community parameters from the data. The joint probability distri-
bution of the model parameters and outcomes is given by the product of the probability densities
formulated as a probability network (Figure 1).

o o
m g
©@ o %

Figure 1: Network representation of conditional probability distributions in the hierarchical multi-
species and joint models. The nodes Lgcomm , Ggeomm and U geomm , & geomm are the means and standard
deviations parameterizing their respective community distributions o“®™™ and S°°™™. The nodes
o™ B are taxon-specific parameters constrained by and jointly inferred with their respective
community distributions ™™ B°™™ from the model inputs (i.e., explanatory variables) x and
model output y. The conditional probability densities extending the mSDM are discussed in-text
below, including the correlation matrix of the community parameters (Rﬁcomm), the site effect (y
and its parameter o), and the random effect u (given by the latent variables & and factor loadings

A).

Assuming normal distributions for the community distributions a“°™™ and B°™™ with correspond-

ing parameters [ycomm, Ggeomm and Hggomm, Gpgeomm, the joint prior probability distribution of the
parameters and outcomes in the mSDM is

2If the parameters vary strongly across taxa, the community distributions would be very wide and thus would not
provide much information for rare taxa.
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P <y’ ataxa7 ﬁtaxa, ‘uacomm , Gacomm y uﬁcomm7 Gﬁcomm | X> —
J
P(y | X, ataX;l, Btaxa) X Hl (fN((X] | M comm Gacomm) X f‘B (ﬁj“lﬁcomm, O'ﬁcomm s Rﬁcomm)) (4)
J:

Xf <‘I,Loccomm7 (Toccomm7 ‘I,Lﬁcomm’ Gﬁcomm> R

where fy is the density of the one-dimensional normal distribution and f is the density of the
joint prior of the means and standard deviations of the community parameters (f is assumed to
be the product of normal distributions for the means and lognormal distributions for the standard
deviations) and fg is the density of a multivariate normal distribution:

fﬂ (ﬁj“,tﬁcomm, O"Bcomm’ Rﬁcomm) = fNK (ﬁj“,lﬁcomm, diag(GBcomm) . Rﬁcomm . diag(cﬁcomm)) . (5)

In the simplest mSDM, the correlation matrix Rgeomm is assumed to be diagonal to reflect the as-
sumption that the community parameters are independent of each other. Considering correlated
community parameters may improve the identifiability of the taxon-specific parameters and im-
prove the quality of fit and predictive performance, and reveal dependencies among community
responses to the explanatory variables. To do so, we can assume an LKJ prior (Lewandowski et al.,
2009) for the correlation matrix given by

f(Rﬁcomm) < det(Rﬁcomm>rl—] s (6)

as an additional factor to 4 (with n = 2).

The addition of a site- or sample-specific effect can facilitate the selection of additional explanatory
variables or be used to identify non-linear responses to environmental conditions (by comparing
the site effect with potential explanatory variables). In the multi-species and joint models defined
here, we include a site effect ¥; that increases or decreases the predicted probabilities for all taxa at
each site due to site-specific explanatory variables not included in the model:

K
taxa taxa
Zij = O+ kgl Xit;k Pk j +% . (7)

The site effect is assumed to be normally distributed with mean zero and standard deviation oy,
with a lognormal prior for ¢. This results in an additional factor for 4:

f(v.0y) = fin(%10,0y) x fin(oy) . 8)
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To extend the mSDM (with correlated community parameters and a site effect) into a joint model,
residual correlations between taxa can be modelled as a multivariate random effect over the ob-
servational units (e.g., sites or samples) (Warton et al., 2015a). When the number of taxa is small
relative to the number of samples, the parameters of the multivariate random effect may be in-
ferred from the data based on an unstructured covariance matrix (Warton et al., 2015a). However,
the number of parameters quickly increases for communities with a large number of taxa. This
limitation can be mitigated using dimensionality reduction techniques such as Dirichlet processes
(e.g., Taylor-Rodriguez et al., 2017) or latent variables (e.g., Letten et al., 2015; Ovaskainen et al.,
2016a; Tikhonov et al., 2017; Warton et al., 2015a). Latent variables are particularly appealing as
residual correlations between taxa are induced by taxon-specific parameters or “factor loadings”
that respond to a site- or sample-specific latent variable (i.e., the latent variable is a random effect).
Multiple latent variables can be included in a joint model to further improve the identifiability of
the true correlation structure among taxa, but at the cost of increasing the number of parameters
(Warton et al., 2015a). In our model, we introduce a random effect u;, ; to the linear predictor

K
taxa taxa
Zij = @+ k§1 XigkPrj Vi + Ui - )

The dimensionality of the random effect u;;, ; can be reduced with a latent variable parameterization
defined as

L
Ui, j :151 Sinihj (10)

with
f(git,'l) = fN (‘Sitil | 0, 1) (11)

and
f(Mjlon)=fx(Aij]0,0) (12)

as additional factors to 4. The latent variables &;; can be interpreted either as unknown explanatory
variables or as the main axes of covariation in occurrences across taxa (Warton et al., 2015a).
The taxon-specific factor loadings A;; induce correlations between the predicted probabilities of
occurrence among taxa in each sample in response to the latent variables (Warton et al., 2015a).
The covariance matrix quantifying associations between taxa is given by the residual covariance
matrix

r=ATAr . (13)
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To test how model performance depends on various model extensions (e.g., including correlated
community parameters, site effects, and latent variables) that increase model complexity, we se-
lected six distinct individual, hierarchical multi-species, and joint models for testing (Table 1).
Throughout the text, we will refer to these models using a consistent set of abbreviations defined
in Table 1.

Table 1: Abbreviations and extensions of the individual, hierarchical multi-species, and joint mod-
els, with models ordered by increasing number of parameters and model extensions highlighted (in

grey).

Extensions

In-text ab- Model Number Correlated (C) / With (T) / Number

breviation struc- of pa- uncorrelated without (F) of latent

ture rameters (U) geomm site effect variables

% (£,4)

iSDM iSDM 1715 U F 0
UFO0 mSDM 1729 U F 0
CFO0 mSDM 1765 C F 0
CTO mSDM 2258 C T 0
CT1 jSDM 3083 C T 1
CT2 jSDM 3908 C T 2

Note: the number of parameters are calculated based on model calibration to the entire dataset with
six explanatory variables.

2.3 Model Performance

Each model was first calibrated using the entire dataset to comprehensively demonstrate differences
in quality of fit and how these differences depend on the model structures and prevalence of taxa
in the community. We included rare taxa (i.e., with too few presence points; see SI Figure S1.1)
when calibrating all models, including the iSDMs to analyze how hierarchical and joint model
structures affect model performance. The quality of fit, explanatory power of the input variables,
and predictive performance of each taxon in the individual, multi-species, and joint model is based
on the deviance (a statistic equivalent to the residual sum of squares under the assumption of
normality) over all observations and given as

I T
dj = _22 Zlog (P (yilij ’ X, ataxa’ﬁtaxa)) ’ (14

i=1t=1
where d; is the taxon-specific deviance over all samples based on the probabilities of occurrence
predicted by the null or proposed model (14). Under the null model, the taxon-specific intercept
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Oc;-axa corresponds to the prevalence of a taxon and its parameters ﬁ,ﬁ;‘xa are set to zero. The deviance
can be divided by the number of samples for a taxon to obtain a standardized deviance that is com-
parable among taxa with different sample sizes. We chose to use the deviance to quantify model
performance rather than the classification statistics commonly used in studies applying SDMs (e.g.,
Mouton et al., 2010) to avoid imposing different classification thresholds on the probabilities of
occurrence of the taxa, and to ensure comparable model predictions among taxa that vary widely

in their prevalence.

For the iISDM and mSDM UFO, the explanatory power or D? (a statistic similar in interpretation
to the R? of a linear model) of the selected explanatory variables for each taxon is measured as the
proportion of deviance in the null model that is reduced by the proposed model (i.e., including the
explanatory variables; Guisan and Zimmermann, 2000):

dnuu . a,proposed
J J

2 _
Dj - gl ’ (15)
J

To assess the geographic distribution of the quality of fit for each taxon in the iSDMs and mSDM
UFO, the maximum likelihood and maximum posterior parameter values were propagated through
the respective models to obtain point estimates of the probabilities of occurrence for all taxa at each
sample. The uncertainty in the probabilities of occurrence of each taxon in UF0Q was quantified by
propogating the posterior sample through the model and calculating the 5th and 95th quantiles of
the predicted probabilities.

The predictive performance of the individual, hierarchical multi-species, and joint models was
assessed using k-fold cross-validation. The samples were randomly divided into k = 3 subsamples
of nearly equal size. Each model was calibrated using each combination of k — 1 subsamples and
used to predict the probability of occurrence for each taxon in the independent subsample. We
chose k = 3 due to the computationally intensive inference of the multi-species and joint models,
and to avoid deteriorating the predicted probabilities of occurrence in the independent subsample.
The predictive performance for each taxon was quantified as the mean standardized deviance of k
subsamples.

The predictive performance of the hierarchical multi-species and joint models with site effects and
latent variables was quantified for all taxa using both the maximum posterior parameter values and
a sample of the joint posterior parameter distribution. For the mean standardized deviance at the
maximum posterior, the site effect and latent variables were set to zero to enable a comparison with
the individual models and to analyze how the site effect and latent variables (i.e., in CT0, CT1, and
CT?2) shift the taxon-specific parameters with respect to simpler hierarchical multi-species models
(i.e., UF0, CFO0).

The predictive uncertainty of the hierarchical multi-species and joint models was compared by
propagating the joint posterior parameter distribution through the models to obtain predicted prob-
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abilities of occurrence and the mean standardized deviances of taxa during prediction for inde-
pendent data. During predictions for independent data, the site effect was simulated by randomly
sampling from its normal distribution (8) while the latent variables were simulated by randomly
sampling from a multivariate normal distribution with a zero mean and a standard deviation given
by the residual covariance matrix (13).

2.4 Parameter Inference & Model Implementation

The taxon-specific parameters a}a’(a, ﬁ,g‘.x"‘ in the individual models were identified by maximum

likelihood estimation. Numerically, parameter estimates were obtained with an iterative weighted
least squares (IWLS) algorithm in the glm function of the R statistical computing environment (R
Core Team, 2018). The null model parameters were used as starting values for the IWLS algorithm.
If the IWLS algorithm produced parameters where the proposed model deviance was greater than
the null model deviance (see equation 14), a more robust optimization method by Nelder and Mead
(1965) (implemented in the optim function in R) was applied to identify the maximum likelihood
solution. The use of efficient maximum likelihood estimation allowed us to obtain parameter
estimates for a very large number of combinations of potentially important explanatory variables
for variable selection (see section 2.6).

The parameters of the hierarchical multi-species and joint models were estimated by Bayesian in-
ference. Wide priors were used for the means and standard deviations of the community distribu-
tions to compare the maximum posterior parameter estimates to the maximum likelihood parameter
estimates for the individual models, and to clearly distinguish the effect of the simplest hierarchi-
cal multi-species model (i.e., UF0) structure on the taxon-specific parameters. The joint posterior
probability distributions of the model parameters were sampled by doing Bayesian inference with
a Hamiltonian Markov chain Monte Carlo (HMC; see Duane et al., 1987, Brooks et al., 2011) al-
gorithm implemented in Stan and accessed through the R package rstan (Stan Development Team,
2016; see SI section S1.10 for scripts containing Stan model definitions that correspond to the mS-
DMs and jSDMs summarized in Table 1). To improve inference of the correlation coefficients of
the correlated community parameters, we used a Cholesky decomposition of the correlation ma-
trix Rgeomm as provided in Stan. Convergence issues for joint models with multiple latent variables
(e.g., CT2) are detailed in SI section S1.8.

2.5 Community Properties & Taxon-Specific Responses

Due to the mixed taxonomic resolution of the dataset, we calculated two metrics of richness to com-
pare model predictions to the observations: species richness for EPT taxa identified at the species
level, and family richness with all taxa aggregated to the family level or lower. The predicted
family and species richness was obtained during k-fold cross-validation of a model for richness
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as a directly modelled output (i.e., a richness model, RM), and calculated from the taxonomically
resolved output of the hierarchical mSDM and jSDM (see subsection 2.3). For the mSDM and
JSDM, the predicted richness at each sample was obtained by sampling from the model including
the Bernoulli distribution for presence-absence. In the RM, we assume a negative binomial GLM
with a log-mean richness given by the linear predictor (16, 17):

P(rifi ‘ x,a,ﬁ,@) :PNB(rifi ’Niti(x>a>ﬁ)>9) ) (16)

K
log(ui;) = ¢+ k§l XikBr (17)

where 7, is the richness at the sampled site i at time #; (i.e., the number of taxa) and 6 is an
additional parameter to control the variance of the negative binomial distribution (62 = 4 u?/0)
(16). The dispersion parameter 0 is estimated from the data in addition to the parameters « and
B (16). This model is similar to the model used by Kaelin and Altermatt (2016), though we
use different explanatory variables and use a negative binomial rather than a Poisson distribution
to describe the variance more realistically. The richness model was fitted (one parameter o, K
parameters f3;, and one parameter 0) using the function glm.nb in the R package MASS (Venables
and Ripley, 2002).

The predicted and observed family and species richness for the RM and mSDM UFO was com-
pared based on their respective maximum likelihood and maximum posterior parameter estimates.
The predictive performance and uncertainty of the hierarchical multi-species (UF0-CTO) and joint
models (CT1, CT2) was compared by propagating a subsample of the posterior distribution through
each model during k-fold cross-validation (see subsection 2.3).

Taxon-specific responses in the individual models and the mSDM UFO were obtained by plotting
the probability of occurrence (for the entire dataset) in response to the explanatory variables. The
posterior parameter distributions underlying the model predictions and the hierarchical structure of
the mSDM UFO0 were both visualized by identifying statistically significant positive and negative
responses at a 5% level based on the respective Sth and 95th quantiles of the marginal posterior

taxon-specific parameter distributions ( ,fj‘.xa) for all taxa.

2.6 Selection of Explanatory Variables

Using a broad range of potential variables chosen based on a priori knowledge, we applied stacked
1SDMs in an exhaustive search procedure (i.e., similar to a best subsets or “brute force” approach;
see James et al., 2013) to identify a set of explanatory variables that maximizes the predictive
performance for taxa with a minimum number of occurrences (due to the difficulty of identifying
the parameters for rare taxa). Potential explanatory variables were identified on the basis of expert
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knowledge and existing literature, with an emphasis on direct, mechanistic explanatory variables
reflecting natural and anthropogenic impacts on stream invertebrate communities in Switzerland
(Austin, 2007; Guisan and Zimmermann, 2000) (Table 2; see SI Tables S1.1 and S1.2 for detailed
descriptions of each variable).

Table 2: Potential explanatory variables of stream invertebrate communities in Switzerland (se-

lected variables in bold)

Description Abbreviation
(units)

Mean maximum morning summer stream temperature predicted from a linear  Temp (°C)

model based on catchment area and mean catchment elevation

Mean annual stream flow velocity estimated from spatial data FV (m/s)

Riparian agriculture (A) or forest (F) cover within a buffer distance from A10m,

stream A100m,
Alkm, F10m,
F100m, F1km
(%)

Livestock unit density: cattle equivalent (CE) units of livestock per square LUD

kilometre of catchment area (CE/km?)

Insecticide application rate: sum of the products of the fraction of croplands IAR (unitless)

in the catchment and respective mean annual spray treatments

Proportion of urban and transport-related land use within the catchment Urban (%)

Forest-river intersection: proportion of upstream river length in the catchment FRI (%)

intersected by forest cover

Proportion of forest cover within the catchment Forest (%)

Evaluation of width variability of stream channel (0 = bad, 1 = very good) WYV (unitless)

Evaluation of stream bed modification (0 = bad, 1 = very good) BM (unitless)

Evaluation of overall stream morphology (0 = bad, 1 = very good) Morph
(unitless)

Agricultural (A) or forest (F) land cover in catchment inversely weighted by A.EDO,

the Euclidean distance to the site F.EDO (%)

Toxic units (TU) of modelled micropollutant concentrations for Daphnia TU.Dm,

magna (TU.Dm) and Chironomidae (TU.Cr) TU.Cr

Urban index: sum of specific urban land uses weighted by stormwater Ul (%)

discharge coefficients

Wastewater discharge as a proportion of stream discharge WW (%)

Residual flow: fraction of residual stream discharge from upstream RF (unitless)

hydroelectric dams

Note: the mean of each explanatory variable was subtracted at each site (x; = x; — Xj) to reduce
correlations among the marginal posterior parameter distributions while still maintaining parameter
estimates relative to the units of the explanatory variables. Temp and FV include a quadratic
transformation to identify taxa with mid-range preferences for temperature and flow velocity (i.e.,
Temp?, FV?). For a complete description of each variable, see Table S1.1 and Table S1.2.
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The exhaustive search procedure uses k-fold cross-validation to quantify the mean standardized
deviance for each taxon based on independent predictions (see section 2.3) for a full subset of
models of varying complexity (i.e., between five and eleven parameters). For any number of pa-
rameters p, models containing all possible combinations of p potential explanatory variables were
constructed. The number of proposed models was constrained by only considering models that
included stream temperature (Temp), flow velocity (FV), and the insecticide application rate (IAR)
as explanatory variables, and excluding models with collinear explanatory variables (i.e., a Pearson
correlation greater than 0.6 or less than -0.6). The predictive performance of each potential model
for the whole community was calculated as the mean standardized deviance during k-fold cross-
validation of all taxa with identifiable parameters (see section 2.3; e.g., taxa in BDM occurring
in less than 10% of the samples were excluded due to the poor identifiability of their parameters
(Figure S1.8) and consistently poor predictive performance).

3 Results

3.1 Selection of Explanatory Variables

The exhaustive search procedure shows that simpler individual models (i.e., with fewer parameters)
have a higher deviance during calibration but maintain a relatively similar predictive error, demon-
strating that simpler models produce a more stable predictive performance while more complex
models tend to overfit (Figure 2). However, multiple models consisting of between approximately
six and nine parameters achieve a higher predictive performance over the community relative to
models with fewer or a greater number of parameters.
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Figure 2: Mean standardized deviance during calibration and prediction of potential individual
models with between five and eleven parameters, with a 1:1 reference line (red). Each point rep-
resents the predictive performance of a potential model for taxa with identifiable parameters (see
section 2.3 and Figure S1.8). The inset figure (top right) shows the same data with rescaled axes.

The top ten models with the highest mean predictive performance among the datasets show a
generally consistent set of explanatory variables, including multiple agricultural (IAR, LUD) and
forest-related explanatory variables (F10m, F100m, or FRI; see Table S1.3). The explanatory
variables of the iISDMs with the lowest mean standardized deviance during prediction were selected
as the basis for further analysis (see Table 2 with selected variables shown in bold; see Figure S1.2
for the geographic distribution of the selected explanatory variables).

3.2 Quality of Fit for the Full Dataset

Calibrating the iISDMs and the simplest mSDM (UFO) to the entire dataset with identical explana-
tory variables reveals that the dependence of the quality of fit (i.e., the standardized deviance) on
the prevalence of the taxa differs based on the model structure (Figure 3a). The null model (i.e.,
including an intercept Oc;.axa and with B,EEJ‘.“ = 0) deviance is lowest for rare and very common taxa
(given that a good fit does not require a high explanatory power), and highest for taxa of inter-
mediate prevalence where explanatory variables are needed to distinguish modelled predictions in
samples where the taxa are present or absent. The lower standardized deviance values of the iS-
DMs suggest a slightly higher quality of fit for increasingly rare taxa than the UF0 model, however
these differences become negligible for intermediately prevalent taxa with distributions that are

well explained by the selected variables (Figure 3a).
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Compared to the simplest mSDM UFO, introducing correlated community parameters (i.e., CFO)
has no significant effect on the quality of fit (Figure 3cd). However, incorporating site effects with
CTO produces a significant improvement in the quality of fit over the whole community while the
joint models (i.e., including one or two latent variables: CT1, CT2) yield similar improvements
(Figure 3cd).

3.3 Predictive Performance during Cross-Validation

During cross-validation, the iISDMs of multiple taxa have a low mean standardized deviance during
calibration that increases significantly during prediction (i.e., for samples not used to calibrate the
model), indicating a tendency to overfit (especially among rare taxa; Figure 4ab). The standard-
ized deviance for each taxon in the mSDM UFO0 remains similar during calibration and prediction,
demonstrating that the model consistently generalizes to independent data and mitigates overfitting
for rare taxa. The addition of correlated community parameters with CF0 yields no significant im-
provement in predictive performance (Figure 4b), while the site effects (CTO) and latent variables
(CT1, CT2) lead to a decrease in the mean standardized deviance during calibration (i.e., improv-
ing the quality of fit) and increased and wider distributions of predictive error (Figure 4c). Joint
models including three or four latent variables were also tested (with the results not shown here),
but led only to further decreases in predictive performance.
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Figure 4: Predictive performance during cross-validation for taxa in the individual, hierarchical
multi-species, and joint models, including (a) the mean standardized deviance during calibration
and prediction for taxa in the individual models versus the simplest hierarchical multi-species
model (UF0) based on maximum likelihood and maximum posterior parameter estimates respec-
tively(including a 1:1 reference line), (b) the mean standardized deviance (over the cross-validation
folds) at the maximum posterior for taxa in each model, and (c) the mean standardized deviance
values based on the posterior sample (i.e., a sample of the joint posterior distribution) of the hier-
archical multi-species and joint models (UF0-CT2). Note that (a) shows predictive performance
during calibration and prediction while (b) and (c) shows the predictive performance only during
prediction (i.e., for independent testing data). In (b), Y = 0 and u = 0 during predictions for models
CTO, CT1, and CT2.
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3.4 Predicted Richness during Cross-Validation

The mSDM UFO and the richness model produce similar predictions for family and species rich-
ness during cross-validation, with a bias at very low and high observed species richness due to
over- and under-predictions, respectively (Figure 5, Figure S1.9). Propagating the joint posterior
distribution through the mSDMs and joint models shows that species richness remains more biased
than family richness, although the mean posterior family richness has more variability across all
models. Over the posterior sample, the simpler models (UF0, CF0) generally have a lower uncer-
tainty in predicting richness while the mSDM with site effects (CTO) and joint models (CT1, CT2)
have relatively larger predictive uncertainties. However, the predictive performance of the mean
posterior richness appears to become more narrow and biased when extending the simplest mSDM
(UFO) to the joint model with two latent variables (CT?2).
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Figure 5: Predicted versus observed family and species richness at each sample (of a site) during
cross-validation of the richness model, hierarchical multi-species and joint models, including (a)
the mean predictions of the richness model and the hierarchical multi-species model (UF0) based
on their respective maximum likelihood estimates and maximum posterior parameter estimates,
and (b) the hierarchical multi-species and joint models, with the posterior predicted richness dis-
tribution (black points) and the mean posterior predicted richness (red points) at each sample..
One-to-one reference lines are included.

3.5 Community & Taxon-Specific Responses

The hierarchical structure of the simplest mSDM (UFO) allows rare taxa with a high uncertainty in
their taxon-specific responses (i.e., the marginal posterior taxon-specific parameters ﬁ,ﬁ‘}xa) to “bor-
row” information from the community response (i.e., the posterior community parameters §;°™™),
resulting in improved predictive performance relative to the iISDMs (e.g., Figure 6, see Figure S1.4
for identical plots for all other explanatory variables). The similarities between the distribution of

the maxima of the taxon-specific responses and the community distribution demonstrates that the
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community distributions are sufficiently narrow to prevent overfitting without needlessly constrain-
ing the taxon-specific responses. The marginal posterior taxon-specific parameter distributions

,f]‘.xa quantify the strength and uncertainty of the taxon-specific responses for each explanatory
variable, and can be combined to quantify the uncertainty and relative importance of the responses

for the overall community.

For instance, taxa with a narrow marginal posterior parameter ﬁ,ﬁ?"a distribution and a maximum
close to zero have a high certainty of exhibiting no response to a given explanatory variable (Figure
S1.4; see Table S1.7 for a summary of significant responses, and Supporting Information section
S1.10 for a table of significant responses for all taxa). The uncertainty of the overall community
response to an explanatory variable can be quantified as the distribution of the relative standard
deviations of the taxon-specific responses (e.g., Figure S1.7). In our analysis, we found the un-
certainty of the community response was highest for livestock unit densities in the catchment,
followed by flow velocity and riparian forest cover (Figure S1.7).

The relative importance of the explanatory variables (which differ in their units and the range of
environmental conditions covered in the data; e.g., Figure S1.2) to community composition can be
assessed by comparing the degree to which the linear predictor (1) for multiple taxa (and thus, the
overall community) is shifted by each explanatory variable (e.g., Figure S1.3). Our results revealed
stream temperature to have the largest effect on the community in all models (Figure S1.3).
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Figure 6: In the hierarchical mSDM, the marginal posterior distribution of the community response

O (bold grey line) constrains the taxon-specific parameters ﬁ,ﬁ;‘."a (thin transparent lines) to
flow velocity, with the maxima of the taxon-specific responses (dashed line) closely following
the community response. The diverse taxon-specific responses indicate significant positive (blue),
negative (red), and non-significant (grey) responses based on the 5th and 95th quantile of the
marginal posterior distributions of the taxon-specific parameters ﬁ,ﬁ‘}‘.xa.

In addition to quantifying taxon-specific responses and their relative uncertainty to explanatory
variables, a simple mSDM (UFO) can be used to quantify the probabilities of occurrence for any
individual taxon in response to varying environmental conditions (e.g., the amphipod family Gam-
maridae; Figure 7a). These “response curves” visualize the relative effects of the explanatory
variables on the distributions of taxa, and can be compared with the geographic distribution of the
probabilities of occurrence and observations of a taxon to show regions with a good (i.e., large blue
and/or small red points) or bad (i.e., large red and/or small blue points) quality of fit for individ-
ual observations (e.g., Figure 7a, Figure 7b; see Supporting Information section S1.10 for similar
plots and maps of all taxa in the individual models and the mSDM UFO0). Large differences in the
probability of occurrence (i.e., point size) for an individual observation indicate a high uncertainty
in the modelled output (Figure 7b).
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Figure 7: An example of the taxon-specific responses quantified in a hierarchical multi-species
model, including (a) the calibrated probabilities of occurrence and observations versus the ex-
planatory variables and (b) the geographic distribution of the probabilities of occurrence versus
the observations of the amphipod family Gammaridae (265 occurrences, D> = 0.58) in the mSDM
UFO. Observations are colored for a presence (blue) or absence (red). In (a) the probabilities of oc-
currences are at the maximum posterior distribution. In (b), the probability of occurrence increases
with point size and the point fill corresponds to the probability of occurrence at the 5th (filled) and
95th (unfilled) quantiles of the marginal posterior distributions of the probabilities of occurrence.

4 Discussion

In comparing the performance of individual (iISDMs), hierarchical multi-species (mSDMs), and
joint species distribution models (jJSDMs) when applied to a high-quality dataset of stream inver-
tebrate communities, we found that an mSDM with a relatively simple hierarchical structure (i.e.,
model UFO; see Table 1) achieves a higher predictive performance relative to other modelling ap-
proaches (Figure 4, Figure 5). To comprehensively demonstrate how model performance varies
within a community, we applied iSDMs using the same explanatory variables to the entire com-
munity while acknowledging that in practice, iISDMs with fewer explanatory variables would have
to be used for taxa with insufficient presence observations (as the underlying parameters of the full
model are unidentifiable for rare taxa; see Figure S1.8). Compared to iSDMs, the simplest mSDM
performs reasonably well for specific taxa when calibrated to the entire dataset (Figure 3, Figure 7).
The iISDMs provide unconstrained parameter estimates and appear to show minor improvements in
the quality of fit for the community relative to the simplest mSDM, with indications of overfitting
for taxa with insufficient presence observations and unidentifiable parameters (Figure 3, Figure 4).
The predictive performance of the individual models deteriorates further during cross-validation,
providing evidence of overfitting (Figure 4).
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For taxa that are neither too common nor too rare and well-explained by the explanatory variables,
the simplest mSDM achieves a quality of fit similar to the iSDMs, while mitigating overfitting for
rare taxa due to overarching community parameter distributions that constrain the taxon-specific
parameters (Figure 4). The hierarchical model structure allows rare taxa with unidentifiable pa-
rameters to “borrow” information from the community, thereby improving predictive performance
for the community and rare taxa in particular. Unlike identical iSDMs, the mSDM can be applied
to a whole community without the need to exclude taxa (e.g., Calabrese et al., 2014; Kuemmerlen
et al., 2015; Pottier et al., 2013). Fitting all taxa with iISDMs would require the selection of taxon-
specific explanatory variables, with fewer variables for rare taxa (or simply fitting the parameters
Oc]‘-axa for very rare taxa and setting all ﬁ,ﬁ‘}xa to zero). An additional advantage of the mSDM is that
it combines the analytical possibilities of iISDMs and an RM by quantifying the relative effect size
and its uncertainty for explanatory variables for the overall community and specific taxa (Figure 6,
Figure S1.3, Figure 7), and community properties (such as family and species richness) similar to

an equivalent RM (Figure 5).

An mSDM can be extended with more complex model structures that provide additional analyt-
ical possibilities and may improve model performance. For instance, we introduced correlated
community parameters in the mSDM (i.e., in model CFO) with the aim of testing whether the iden-
tifiability of the taxon-specific parameters could be improved, but found no change in the overall
quality of fit or predictive performance (14, Figure 4). Still, the correlations between community
parameters can be informative (e.g., Figure S1.5), and reduce the effective number of parameters
relative to the simplest mSDM (see Supporting Information S1.4). The inclusion of site effects in
the mSDM (e.g., as in model CTO) can facilitate the selection of additional explanatory variables
to include in the model or be compared with existing variables to identify potential non-linear re-
sponses to environmental conditions (e.g., Figures S1.10 and S1.11). In this particular application,
we included a quadratic transformation of stream temperature as an additional parameter due to the
wide variation in the topography of Switzerland (Figures S1.1 and S1.2). This allows us to quantify
preferences for intermediate temperatures in addition to monotonic dependencies on temperature.
However, we found that while the site effect provides an increase in the quality of fit relative to a
simpler mSDM, the predictive performance declines as the site effect is unknown at sites not used
during model calibration.

Extending the mSDM (with the site effect) into a joint model allowed us to assess whether the
inclusion of residual correlations between taxa (e.g., Figure S1.12) improves predictive perfor-
mance. The residual correlations between taxa can provide indications either of biotic interactions
or joint responses to unknown explanatory variables. In our study, we found that a joint model (pa-
rameterized with latent variables) further improved the quality of fit (Figure 3), although predictive
performance progressively declined with the number of latent variables included in the model (Fig-
ure 4; our trials found that the predictive performance continued to deteriorate with joint models
including up to four latent variables [which we do not show here]). Similarly, community prop-

36



Chapter 2: From individual to joint species distribution models: a comparison of model
complexity and predictive performance

erties including family and species richness show an increase in predictive bias and uncertainty
with more complex mSDMs and jSDMs, while the predicted richness of the simplest mSDM has a
lower predictive uncertainty relative to more complex models (though predictions remain biased;
Figure 5).

This particular result contradicts our initial hypothesis that the joint model would improve pre-
dictive performance, as similar studies have found that joint models generally improve the quality
of fit and predictive performance (relative to individual models) for various communities (Clark
et al., 2014; Harris, 2015; Ovaskainen et al., 2016a,1; Taylor-Rodriguez et al., 2017; Tikhonov
et al., 2017). For example, Clark et al. (2014) and Taylor-Rodriguez et al. (2017) show that joint
models of forest communities improve predictive performance and the prediction of species rich-
ness over equivalent individual models (Guisan and Rahbek, 2011), with a similar study of plant
communities confirming these findings (e.g., Tikhonov et al., 2017). Studies applying joint models
to freshwater communities suggest that shared responses to environmental conditions may be more
important in determining community composition than residual correlations between taxa (Inoue
et al., 2017; Pollock et al., 2014; Royan et al., 2016).

We speculate that, contrary to forest communities with biotic interactions that are dominated by
competition (Clark et al., 2014; Taylor-Rodriguez et al., 2017), freshwater invertebrate communi-
ties have more diverse energy sources such as alternative food sources, multiple functional feeding
types, and frequent stream disturbance events (preventing the ecosystem from reaching carrying ca-
pacity), thereby reducing the overall importance of biotic interactions for predictive modelling. We
urge a careful interpretation of correlations between stream invertebrate taxa (e.g., Figure S1.12)
as the effects of unknown, external explanatory variables and the type of biotic interactions (e.g.,
competition versus predation) cannot be distinguished (Clark et al., 2014; Dormann et al., 2018).
Although the joint model did not improve predictive performance in this particular application,
joint models that do not show a significant deterioration in predictive performance can be used
to test for prior hypotheses of interactions between specific species, and to facilitate discussions
with biologists to stimulate additional model development (Dormann et al., 2018). An investiga-
tion of the ecological context in which the inclusion of residual dependencies among distributions
of taxa can lead to improved predictive performance would be an interesting topic for future re-
search. An additional difficulty of applying a joint model to our data set is the large number of
observed taxa, making an unstructured approach to estimating correlation parameters infeasible.
Parameterization of the correlations with latent variables provides a method to reduce the number
of parameters, however this comes at the cost of inducing structure to the correlation coefficients,
making it difficult to identify a few, important correlations among the many taxa.

A notable limitation to the modelling approaches applied in this study is that the stacked iSDMs,
mSDMs, and jSDMs impose an identical set of explanatory variables on the community, which
may not be realistic (particularly for diverse communities with a large number of taxa). Given that
1SDMs allow for the selection of taxon-specific variables, we considered statistical and machine
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learning techniques often used to guide variable selection for iISDMs, including stepwise selection
methods (e.g., Leps et al., 2015), elastic net regularization (Zou and Hastie, 2005), and random
forests (Breiman, 2001; Cutler et al., 2007). While these techniques are suitable for selecting
variables speci c to each taxon, we instead opted for a computationally intensive but feasible “ex-
haustive search” procedure that effectively combines cross-validation with a best subsets approach
(James et al., 2013). To reduce the computational burden of the procedure, we limited the number
of potential individual models for cross-validation (i.e., of all taxa in the community) by excluding
models with collinear explanatory variables and limiting model complexity. With this approach,
we comprehensively quanti ed the predictive performance of all potential sets of independent ex-
planatory variables for multiple taxa (i.e., excluding rare taxa with unidenti able parameters) in
the community rather than for only speci c taxa, while avoiding the disadvantages of stepwise
selection or regularization techniques (e.g., variable selection in the presence of collinearity).

5 Conclusions

In this study, we comprehensively compared the performance of increasingly complex individ-
ual, hierarchical multi-species, and joint species distribution models when applied to a diverse
community of freshwater invertebrates. In extending these models, we demonstrated the analyt-
ical possibilities of additional model elements, and quanti ed their effect on model performance
(e.g., quality of t, predictive performance). Our ndings show that some of the limitations of
modelling multiple taxa in a community independently of one another (i.e., with individual mod-
els that have dif culties in identifying parameters and over t for rare taxa when using the same
explanatory variables for all models) can be overcome by constraining the taxon-speci ¢ parame-
ters with overarching community parameters. By assuming that taxa contribute to and follow an
overarching community response in a hierarchical multi-species distribution model, rare taxa with
few data points can “borrow” information from the community, thereby improving the predictive
performance for the community and rare taxa in particular. Including correlations between the
community parameters supports the identi cation of interactions between taxon-speci c responses
to explanatory variables, but did not increase the predictive power of the model in our study. Sim-
ilarly, site-effects can be used to identify additional variables to include in the model, but did not
increase predictive performance in our case study. To test whether the inclusion of residual cor-
relations between taxa improves predictive performance, we parameterized a correlation term of
the hierarchical multi-species model with latent variables to obtain a joint model. In our appli-
cation, the predictive performance of the joint model did not improve compared to the simpler
MSDMSs, indicating either that the biotic interactions or joint responses to unknown factors are less
important than the ndings of other studies applying joint models (e.g., for plant communities),
or that the latent variable approach was not suf cient to detect relevant correlations. We found
that a hierarchical multi-species model predicts richness as well as a richness model, and addi-
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tionally quanti es the response of the overall community and speci ¢ taxa (with their respective
uncertainties) to selected explanatory variables. Overall we view hierarchical and joint SDMs as
promising tools that combine and extend many of the analytical possibilities of individual models,
and urge ecologists interested in exploring community data to select a parsimonious modelling
approach that is adequate in re ecting the dominant environmental conditions that drive species
distributions.
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PRUH YDULHG JHRJUDSKLF GLVWULEXWLRQV DQG VSHFLILF H
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KHDGZDWHU VWUHDPVY L H VHFRQG RUGHU VWUHDPV )LJ
GDWDVHW DV 6*V 6ZLW]J]HUODQG ZLGH GDWDVHW ZLWK *ULG
OHYHO



&KDSWHU (I"'HFWV RI VLWH VHOHFWLRQ DQG WD[RQRPLF UH
LOYHUWHEUDWH UHVSRQVHV WR HQYLURQPHQWDO FRQGLWLR

)LJ *HRJUDSKLF GLVWULEXWLRQ RI ITHGHUDO DQG FDQWEF
LQFOXGLQJ WKH 1DWLRQDO 6XUIDFH :DWHU 4XDOLW\ OF
%LRGLYHUVLW\ ORQLWRULQJ %'0 SURJUDP

)LJ JUHTXHQF\ RI 6WUDKOHU VWUHDP RUGHUV RI VLWHYV
6ZLW]JHUODQG *ULG VSHFLHV 6*V 6ZLW]J]HUODQG &RPE
&RPELQHG IDPLOLHYV 3&1 GDWDVHWYV

‘H SUHSDUHG D VHFRQG GDWD VHW IURP WKLV PRQLWRUI
DQG JHQHUD DW WKH IDPLO\ OHYHO WR DQDO\]H WKH HIIHFV



&KDSWHU  (IIHFWV Rl VLWH VHOHFWLRQ DQG WD[RQRPLF UH
LQYHUWHEUDWH UHVSRQVHV WR HQYLURQPHQWDO FRQGLWLR

LQIHU UHVSRQVHV WR HQYLURQPHQWDO FRQGLWLRQV 7DE!
6ZLW]HUODQG ZLGH GDWDVHW ZLWK *ULG VDPSOLQJ RI IDPL
WKH 6*1 DQG 6*V GDWDVHWYV VKDUH WKH VDPH VLWHV DQG V
GLYHUVLW\ 7DEOH 6XSSRUWLQJ ,QIRUPDWLRQ )LJ 6

7TDEOH 6DPSOH VLIH DQG QXPEHU RI WD[D LQ WKH GDWDVH)\

‘DWDVHW , Q WH [ WL BVEBWPHOHDWDL R Q
6ZLW]J]HUODQG *ULG IDPLOLHV 6*I
6ZLW]JHUODQG *ULG VSHFLHV 6*V
6ZLW]JHUODQG &RPELQH&IDPLOLHV
3ODWHDX &RPELQHG IDPLOLHYV 3&l

7KH WKLUG GDWDVHW LQFOXGHG GDWD IURP WKH 1DWL
SURJUDPPH 1%:$ %$)8 .XQ] HW DO ZKLFK XVHV
VHOHFWLQJ VWUHDP LQYHUWHEUDWH PRQLWRULQJ VLWHV :t
VHOHFWLRQ VWUDWHJ\ RQ PRGHOLQJ VXFFHVV DQG LQIHUHQ!
RQO\ VLWHV ZLWK FDWRKP SQRYDRGHDY UHSNPHVHQWDWLYH RYF
PLGVL]HG WR ODUJHU VWUHDPV LQ 6ZLW]JHUODQG FRYHULQJ
$V D UHVXOW PRVWO\ XQLPSDLUHG VLWHV ZLWK QHDU QDW
1$:$ SURJUDP ,Q FRQWUDVW WKH FDQWRQDO SURJUDPV L
*HQHYD 6W *DOOHQ 9DODLV -XUD $SSHQ]JHOO $XVVHUUKRC
DQG /X]JHUQ KDYH YDULRXV VLWH VHOHFWLRQ VWUDWHJILHYV
LPSDLUHG HJ GRZQVWUHDP RI ZDVWHZDWHU WUHDWPHQW
‘H DJJUHJDWHG WKH GDWD WR WKH IDPLO\ OHYHO WR GHULY
WKH FDQWRQDO PRQLWRULQJ SURJUDPV :H FKRVH IDPLO\ OH
XVH GLIIHUHQW DSSURDFKHV WR VHOHFW WD[D WR LGHQWLI
LGHQWLILHG LQ =+ULFK PD\ QRW EH LGHQWLILHG LQ WKH QHL
6&|_ 6ZLW]HUODQG &RPELQHG IDPLOLHV WKLV GDWDVHW LQF
WR ODUJHU VWUHDPV WKDQ WKH 6*I DQG 6*V GDWDVHWV )LJ

JRU RXU IRXUWK GDWDVHW ZH VHOHFWHG D VXEVHW |
JHRJUDSKLF HIWHQW RI WKH PRQLWRULQJ GDWD XVHG IRU FI
TXDQWLILFDWLRQ RI DQWKURSRJHQLF LPSDFWV )LJ 7TDEC
30DWHDX &RPELQHG IDPLOLHYV



&KDSWHU  (IIHFWV Rl VLWH VHOHFWLRQ DQG WD[RQRPLF UH
LQYHUWHEUDWH UHVSRQVHV WR HQYLURQPHQWDO FRQGLWLR

ORGHO 'HILQLWLRQ

+HUH ZH GHILQH WKH LQGLYLGXDO PRGHOV WKDW ZH
H[SODQDWRU\ YDULDEOHV WR SUHGLFW WKH FRPSRVLWLRQ
HIWHQGHG WKH LQGLYLGXDO PRGHOV LQWR D KP6'0 DV GHIL

WKDW ZH WKHQ DSSOLHG WR DQDO\]H KRZ NH\ DVSHFWV
RI VWUHDP LQYHUWHEUDWH UHVSRQVHV WR QDWXUDO DQG
GHILQH WKH PRGHOV ZH XVH WEKHaIRODORPSQL QD GILLFPHV D WL W
RD<s4 8¢ WDADs4 44 DQG H[SODQDVGR&W ¥ EULDEOHYV

*LYHQ D SUHVHQFH DEVHQFH REYHIUY DWD RQDER @ K W R B Vi
DV SUHVHQWrRQ®KH WD[RQ LV REVHUYHG DV DEVHQW ZH X
*/0 ZLWK D ORJLVWLF OLQN IXQFWLRQ WR PRGHO WKH SUR
WD[RQgL s ad'-V&-Ys 7KH SUREDELOLWA;RJLRBEXVEHQFH
JLYHQ WKH VHOHFWHG H}SGDW R MW RUD [ K Q WM. HERLAME-'SDWUYDP H W |

HTXDO WR WKH OLQN IXQFWLRQ WH¥YD®XDWHKIH MLM) MCKWH SONHGHLDRFY
OLQHDU FRPELQDWLRQ RI WKH H[SODQDWRU\ YDULDEOHYV DQC

Vg L U-V-E Aé@JU@:CEVV— (T DQG

2ipgL s A&T-VE-Vs La;é—@ (T
1RWH WKDW LQ RXU PRGHO WKH SUHGLFWHG FSI/\R BSEN D L W\
VDPSOHyWVYRFHSHQGHQW RQ VSHFLILF H[SODQDWRU\ YDULDEC
6XSSRUWLQJ ,QIRUPDWLRQ 7 REOMHUE D VKKPRIEY W R YD %RIQD R X
ZLWK SUREDELOLWLHYV

2kigyg L s aa’-'a&'-ve Llpg L s

2k a &"'-V&@"-VolL J
d s F2kjyeL s aa"™-V&"'-Ye LlhgyLr

KHQ ILWWLQJ DQ L6'0 WR HDFK WD[RQ WKH MRLQW SUREDE
VWUXFWXUH LQSXWV DQG SDUDPHWHUV LV

A le A
21aa™ V@ -vsLN N N 2kypga &"-V& -Vew (T
Ugb ¢o@5 V@b
7KH KLHUDUFKLFDO PXOWL VSHFLHVY PRGHO DVVXPHV WKD\
SDUDPHMHDQ®Ev'- DUH GLVWULEXWHG DQG FRQVWUDLQHG D
FRPPXQLW\ UHVSRQVHV L H WKH FRPPXQQE\“'SDZKDPKWHUY G
QRW MRLQWO\ FRQGLWLRQHG XSRQ D K\SHU K\SHU SULRU 2

VSHFLILF SDUDPHWHUY DUH WKHQ LQIHUUHG MRLQWO\ ZLWK
MRLQW SUREDELOLW\ GLVWULEXWLRQ RI WKH PRGHO SDUDPI































































































































































































































































































































































































































































