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. Abstract

2 Predicting the outcome of interactions between species is central to our current under-
s standing of diversity maintenance. However, we have limited information about the ro-
+ bustness of many model-based predictions of species coexistence. This limitation is partly
s because several sources of uncertainty are often ignored when making predictions. Here,
s we introduce a framework to simultaneously explore how different mathematical mod-
7 els, different environmental contexts, and parameter uncertainty impact the probability
s of predicting species coexistence. Using a set of pairwise competition experiments on an-
¢ nual plants, we provide direct evidence that subtle differences between models lead to
10 contrasting predictions of both coexistence and competitive exclusion. We also show that
11 the effects of environmental context-dependency and parameter uncertainty on predic-
12 tions of species coexistence are not independent of the model used to describe population
13 dynamics. Our work suggests that predictions of species coexistence and extrapolations

14 thereof may be particularly vulnerable to these underappreciated founts of uncertainty.
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s Introduction

16 The effects species have on one another are the result of multiple processes that often
17 act simultaneously. In the case of competition between plants, examples include the
s depletion of local resources in the soil (Dybzinski & Tilman, 2007; Craine & Dybzinski,
19 2013), visits from shared pollinators (Lanuza et al., 2018), or the frequency and intensity
20 of disturbance events (Pickett, 1980; Villarreal-Barajas & Martorell, 2009). Notwithstand-
21 ing their importance, fully including all such phenomena in the study of plant dynamics
22 is often impractical. Hence, it is more straightforward to treat these processes implicitly
s and model the relationship between interacting species phenomenologically, for example
24 by fitting models that describe how the densities of intraspecific and interspecific neigh-
s bors change plant fitness and growth (Case, 1999; Connell, 1990; Goldberg, 1990; Adler
o6 et al.,2018; Hart et al., 2018).

27 Despite their “necessary incompleteness”, phenomenological models can accurately
s reproduce data observed in various natural systems and contexts (Hilborn & Mangel,
20 1997; Bolker, 2008; Houlahan et al., 2015). Perhaps more importantly, they are useful tools
s with which to make predictions that extend beyond the phenomena they describe (Broek-
s man et al., 2019). Such predictions are possible because of the implicit assumption that
22 models that reproduce the observed data faithfully also capture how the studied system
s operates (Marquet et al., 2015; Klir, 1985; Zeigler et al., 2000; Stouffer, 2022). For exam-
s ple, models that describe the effects neighboring plants have on each other can be used

s to make quantitative predictions about changes of biomass in the system (Godoy et al.,
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s 2020; Lai et al., 2022) or qualitative predictions such as whether or not co-occurring plant
w7 species can coexist (Levine & HilleRisLambers, 2009; Zepeda & Martorell, 2019).

38 The practicality of phenomenological models of plant competition, however, is a double-
s edged sword. Indeed, predictions made with them are subject to uncertainty arising from
» many distinct sources. One such source is environmental context dependency, or the ex-
» tent to which the outcomes of species interactions change as a function of the abiotic
2 conditions species experience (Bimler et al., 2018; Chamberlain et al., 2014). Studies have
s found, for example, substantial evidence that interaction strengths between plants vary
« along environmental gradients (Bimler et al., 2018; Villarreal-Barajas & Martorell, 2009;
s Lanuza et al., 2018); interspecific interactions in particular can switch from competitive
s to facilitative when moving from favorable to harsh environments (Callaway et al., 2002;
a7 Maestre et al., 2005; Brooker et al., 2008; Maestre et al., 2009). This environment-driven
s variation can even lead to the identity of the competitive superior plant species chang-
s« ing depending on local abiotic conditions (Poorter & Lambers, 1986; Dybzinski & Tilman,
so 2007). Extrapolations from phenomenological models of plant competition can therefore
st be highly specific to the set of conditions under which models were parameterized (Bim-
sz ler et al., 2018).

53 Model-based predictions are also subject to two forms of uncertainty that arise from
s« the use of models themselves: parameter sensitivity and structural sensitivity. Parame-
s ter sensitivity refers to the sensitivity of model outputs to variation in parameter values,
ss and exploring it constitutes a routine analysis in the domain of the biological sciences

57 (Jorgensen & Bendoricchio, 2001; Terry et al., 2021). On the other hand, structural sensitiv-
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ss ity characterizes how mathematical expressions that have similar phenomenological be-
ss havior can produce qualitatively different outcomes (Cordoleani et al., 2011; Myerscough
eo et al., 1996; Aldebert & Stouffer, 2018). Parameter and structural sensitivity are often inter-
st twined (Wood & Thomas, 1999), and both have been shown to drastically change model
2 predictions in a vast array of biological systems (Cordoleani et al., 2011; Wood & Thomas,
s 1999; Poggiale et al., 2010; Fussmann & Blasius, 2005; Aldebert et al., 2016; Aldebert &
s« Stouffer, 2018).

65 The interplay between environmental context dependency, parameter sensitivity, and
s structural sensitivity is rarely explored simultaneously, and to the best of our knowledge
&7 has never been explicitly explored for the case of models of annual-plant population dy-
e namics. In this study, we therefore aim to understand how these three sources of uncer-
e tainty change predictions of a widely studied and vastly important ecological process:
70 species coexistence. We focused our analysis on annual plants, which is a common natu-
7 ral system used to study species coexistence (Levine & HilleRisLambers, 2009; Godoy &
22 Levine, 2014; Wainwright et al., 2019; Zepeda & Martorell, 2019). We assessed the empir-
73 ical relevance of the three different sources of uncertainty by making coexistence predic-
74 tions based around data from competition experiments between two annual-plant species
7 conducted in two contrasting abiotic conditions. Our analyses provide evidence that un-
76 certainty can radically change predictions made from a simple competition experiment,
77 and highlights the importance of incorporating uncertainty from as many sources as pos-

76 sible when making model-based predictions.
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» Methods

so We will first provide a mathematical description of how to make and interpret coexis-
s1 tence predictions made with a population-dynamics model for two annual-plant species
&2 growing in proximity to each other. We then expand our framework to introduce alter-
ss native phenomenological models of density dependent seed production, and show how
s« our framework can be used to make predictions using a different model for each species.
ss Second, we describe how to use a Bayesian framework to parameterize the aforemen-
ss tioned phenomenological models to data from a set of competition experiments between
&7 two annual-plant species growing under two distinct abiotic conditions. Finally, we de-
s scribe how we simultaneously explored how environmental context dependency, param-

so eter sensitivity, and structural sensitivity impact predictions of species coexistence.

» Model-based predictions of species coexistence

st We used the Cohen model (Cohen, 1966; Watkinson, 1980) to describe annual-plant pop-
22 ulation dynamics and as the starting point for our model-based predictions of species
e coexistence. This model predicts the density of seeds N; ;1 from species i in year t + 1
s with:

Nity1 = (1 —gi)siNit + giNitFit, 1)

s which is a function of (i) the density of seeds in the seed bank from the previous year
s (N;;) that do not germinate yet remain viable bank in the seed bank (as weighted by s;,

o7 the annual rate of seed survival in the seed bank) and (ii) the density of seeds that ger-
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¢ minate (determined by the germination rate g;) multiplied by the number of viable seeds
so produced per seed germinated, often called their “realized fecundity” (F;;). The realized
10 fecundity of species i can be accurately described by many different phenomenological
101 forms (Law & Watkinson, 1987; Hart et al., 2018; Godwin ef al., 2020; Stouffer, 2022). These
12 phenomenological descriptions of F;; generally try to capture the relationship between
s plant reproductive output and the densities of conspecific and heterospecific neighbors,
14 but do not necessarily imply a hypothesis about the mechanisms underpinning this den-
105 sity dependence (Stouffer, 2022).

106 For example, F; ; can be given by the Beverton-Holt (a.k.a. reciprocal or inverse) model
17 (Beverton & Holt, 1957), which in a two-species context equals:

)\.
E l

— . (2)
" 14 w;giNiy + aiigiNj

18 In this model, the per germinant fecundity of species i in the absence of density depen-
10 dence is described by the parameter A;, while the numbers of germinants of species i and j
1o inyear t are given by ¢;N;; and g;Nj ;, respectively. The density-dependent effects are cap-
111 tured by the interaction coefficients a;; and a;;, which describe the interaction strengths of
112 conspecifics and heterospecifics, respectively. The Beverton-Holt model is a commonly
13 used phenomenological model to make coexistence predictions and can be easily param-
11 eterized with empirical observations of annual plants growing in proximity to each other
115 (Godoy & Levine, 2014; Godoy et al., 2014; Levine & HilleRisLambers, 2009; Hart et al.,

e 2018).
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17 Coexistence predictions

11s  From the population dynamics that result from using Eqn. 1 and estimates of the relevant
19 parameters of Eqns. 1 and 2, it is possible to predict if a pair of species can coexist.
120 Multiple approaches exist to predict species coexistence (Chesson, 2000; 2018; Barabas
121 et al., 2018; Saavedra et al., 2017; Letten et al., 2017). One of them is to directly evaluate,
122 given the competitive constraints each species experiences, if the set of species” intrinsic
12 growth rates is feasible (i.e., if there exists an equilibrium point under which both species
122 have positive densities; Rohr et al., 2014; Saavedra et al., 2017). To do so, it is necessary
125 to derive the equations determining the equilibrium density for each species, which for

126 species i is found at:

Nit11 8iAi
—— = (1—gi)si + ~ - =1L (3)
Ni; (1=8i)si L+ aigiNi" + aijgiN;
127 This equilibrium condition can be arranged to provide a linear equation in terms of
128 densities:
(8N o NF 4 e N (4)
1-(1-g)si) A8 T

120 For simplicity, Eqn. 4 can be rewritten as:

ri = “iigiNi* + Déi]'g]'N]fk, (5)

1.0 where r; is the vital rate of species i that, at equilibrium, is compensated for by species

131 interactions. Note that this vital rate r; is a composite parameter that depends on the
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12 values of s;, g;, and A;. Rather than call it an intrinsic growth rate, we purposefully refer
133 to r; as a vital rate to emphasize that it does not correspond to the expected growth rate of
134 species i when densities are vanishingly small nor when there are no interaction effects.

135 Equivalent expressions for species j can be derived from its equilibrium condition.

136 The combined two-species equilibrium condition is:

ri| |wiowp| | &iNT ©)

. . . . *
Tj wji - aji| | &N;

17 Given estimates of 7;, ;, and the 2 x 2 matrix of interaction coefficients, predicted species
138 densities at equilibrium can be determined by rearranging Eqn. 6 to:
-1
&N/ Wi ] ri

= . 7)

. * .o .o .
g]Nj Kji &jj Fj

139 When predicted equilibrium densities for both species are positive, then the model-based
140 prediction is that they can coexist (Rohr et al., 2014; Saavedra et al., 2017). In contrast, if
11 one of the predicted equilibrium densities is less or equal to zero, then the model-based
142 prediction is that one of the species will competitively exclude the other.

143 In practice, it is useful not only to determine if some particular values of r; and r;
144 allow species to coexist, but to explore the full set of values of species’ vital rates that are
s compatible with species coexistence. This is often referred to as the structural approach,
16 and is easily applicable to models of annual-plant population dynamics (Saavedra et al.,
17 2017). The region of vital-rate parameter space where both species can have positive

1s densities at equilibrium, given the constraints imposed through the interaction matrix,
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19 is called the feasibility domain (Rohr et al., 2014; Saavedra et al., 2017; Song et al., 2018;
150 2020). Biologically, a large feasibility domain means that competitive constraints are lax,
151 and species can grow at different combinations of rates without excluding each other.
152 In contrast, a small feasibility domain means that competitive constraints are harsh, and

153 only a handful of vital rates allow their coexistence.

i+ Biologically constrained feasibility domain

155 Importantly, locations in the vital-rate parameter space carry direct biological interpreta-
15 tions with them beyond whether or not equilibrium densities are feasible. Consider, for
17 example, a vital-rate vector 7 that allows for a vector of positive equilibrium densities N*.
s For any scalar value x, the proportional vector x7 will also produce xN* as a solution to
159 Eqn. 7. However, it is reasonable to assume that there is an upper limit to species” den-
160 sities in nature (i.e., we do not expect species to achieve infinite local abundances). If a
161 Vvital-rate vector leads to predicted densities beyond a particular species’” observable limit,
12 we argue it may be mathematically feasible but should not be considered biologically fea-
ies sible. The imposition of an abundance constraint such as this one will tend to create an
1« upper bound on the vital rates that define the feasibility domain.

165 In addition, the Beverton—-Holt model implicitly imposes further biological constraints
s on the values species’ vital rates can take. Recall that a species” composite vital rate r; is
17 a product of three biologically meaningful parameters. Those parameters have bounds
s themselves and when combined together they can further impact the values species’ com-

160 posite vital rates can take. Specifically, s; and g; are proportions and can only have values

10
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7 between zero and one, while the per germinant fecundity in the absence of interaction
i1 effects A; can only have positive values. By assuming density dependence for a given
172 species follows the Beverton—-Holt model, these parameter constraints together imply that
173 vital rates r; < —1 are not biologically feasible. Indeed, all values of r; < —1 correspond
174 to <$ﬁlgl)51> < 0, but for this inequality to be true we require either 1 — (1 — g;)s; < 0
175 or giA; < 0. Since s; and g; are proportions, 1 — (1 — g;)s; can never be lower than zero.
17s  Thus, the only way to obtain r; < —1 is for species i to have a negative intrinsic fecundity
177 (A; < 0), which is also not biologically plausible. In contrast, the Beverton-Holt model it-
178 self imposes no upper bound to species” composite vital rates. Note that the lower bound
17 of —1 and lack of an upper bound are specific to the Beverton-Holt model. As we will
10 discuss later, different models of density-dependent fecundity will have different implicit
181 model-based constraints on r;.

182 Building upon the feasibility domain defined within the structural approach, we de-
s fine the biologically constrained feasibility domain as the region of parameter space where
16« both species can have positive abundances given a) intraspecific and interspecific inter-
15 actions, b) constraints on maximum species abundances, and c) vital-rate constraints im-
s posed by each phenomenological fecundity model. In the two species case, the biologi-
ez cally constrained feasibility domain can also be thought of as an region that we denote

s with the symbol B. We estimated Ag—the size of p—using Monte Carlo integration meth-

1o 0ds as described in Appendix S1, and show a visual example in Fig. 1.

11
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190 Relative coexistence ratio

191 As a basis of comparison, it is also useful to quantify the parameter space that allows both
192 species to grow in monoculture (i.e., when they have no niche overlap). Importantly, this
193 parameter space can also be expressed as an area, and for equivalent reasons to those
194 described above this area is also subject to both abundance and model-based constraints.
155 We denote this region with the symbol 7y, and mathematical details of how we calculate
196 its size, A, are described in Appendix S2. By comparing the size of the parameter space
17 where both species can feasibly coexist (Ag) to the size of the space where species can
198 grow in monoculture (A,), we can quantify the importance of interspecific interactions
190 relative to intraspecific interactions in determining the vital rates consistent with biologi-
200 cally plausible coexistence. This comparison can be expressed as a ratio p = Ag/ A, that
200 we call the relative coexistence ratio. When the ratio p = 1, then species coexistence is as
202 achievable as species growing in monoculture; when the ratio p < 1, then the parameter
203 space where the two species can coexist is smaller than the parameter space where each
204 Species can grow in monoculture, and it is harder for them to coexist because of their in-
205 terspecific interactions; finally, ratios p > 1 imply that species facilitate each other, and it

206 1S easier for them to coexist because of their interspecific interactions.

27 An alternative model of density dependence

2s The Beverton-Holt model is only one of many phenomenological models used to de-
200 scribe density-dependent performance of annual plants. There is no hard-and-fast rule for

210 how to choose the appropriate phenomenological model to describe the effect of species

12


https://doi.org/10.1101/2023.02.13.528375
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.02.13.528375; this version posted February 14, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

211 interactions, and it is often a choice governed by mathematical convenience (Stouffer,
212 2022), the type of study system (Godwin et al., 2020), and the governing paradigm around
213 species interactions (Martyn et al., 2021). One alternative to the Beverton—-Holt model is
214 the Ricker model:

F,= Aol —wiisiNip—aigiNjp) (8)

215 where the interpretation of the parameters remains the same as previously described
21s (Ricker, 1954a;b). The Ricker model is known to be a biologically plausible and versa-
217 tile model to quantify density dependence in annual-plant communities, plus it has the
218 virtue of being better than the Beverton-Holt model at capturing both competitive and
219 facilitative interactions (Mayfield & Stouffer, 2017; Bimler et al., 2018; Martyn et al., 2021;
220 Stouffer, 2022). When discrete response variables are modeled as Poisson or negative-
221 binomial random variates, for example within a generalized linear models, the default
222 log link function also implicitly imposes a Ricker function on the model being fit (Rao
223 et al., 2010; O'Hara & Kotze, 2010; Maytield & Stouffer, 2017; Stouffer et al., 2018).

224 Similar to the process we followed from Eqns. 4 to 7, the Ricker model has its own

225 composite vital rate at equilibrium. For species i, this is given by:

o Sili
rl_ln(l—(l—gi)si) ©)

226 This expression necessarily implies that the model-based constraints on vital rates are
227 fundamentally different when using the Ricker model than when using the Beverton—

22s  Holt model: it has no model-based constraints on the lower and upper bounds of species

13
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220 vital rates.

20 Multi-model predictions of species coexistence

21 By parameterizing a phenomenological model of plant competition, like the Beverton—
222 Holt (Eqn. 2) or Ricker models (Eqn. 8), we get a description of how seed set varies with
23 neighbor density. Perhaps more importantly, by linking these models to Eqn. 1 we can
2+ make predictions about whether or not two species are able to coexist. So far, we have
25 been working with the implicit assumption that the same model describes the density
26 dependence of the two species. However, given the lack of a clear mechanistic under-
27 pinning with which to justify using one model over another (Stouffer, 2022), there is no a
28 priori reason to assume this is the case. This is particularly true when the models are pa-
2e rameterized with experimental data and from a statistical perspective appear to provide
200 comparable fits (Hart et al., 2018).

241 To predict coexistence using a different density-dependence model for each species,
22 we still must solve for species equilibrium abundances as a function of vital rates and
23 competition (Eqn. 7). Unlike the single-model approach, each species’ vital rate has its
21« own formulation based on the model used to describe each species’ realized fecundity
25 (Appendix S1: Table S1). As in the previous approach, if Eqn. 7 predicts positive abun-
26 dances for both species within the bounds of each species’ model-based and abundance

247 constraints, species are predicted to coexist.

14
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«s The interplay of different forms of uncertainty

249 Data

20 To assess the relevance of different sources of uncertainty in an explicit empirical con-
251 text, we made coexistence predictions using parameter estimates inferred directly from
252 a set of competition experiments. During 2017, we conducted pairwise competition ex-
253 periments between two annual-plant species, Goodenia rosea and Trachymene cyanopetala.
24 These experiments took place in the West Perenjori Nature Reserve in Western Australia (-
255 29.479°S, 116.199°E). The reserve is dominated by York gum-jam woodlands, which sup-
26 port an understory of mixed native and exotic annual grasses and forbs (Dwyer et al.,
257 2015).

258 Using locally collected seeds, we conducted competition experiments using a response—
250 surface experimental design which has the advantage of being able to accurately distin-
20 guish intra and interspecific competition (Inouye, 2001; Hart et al., 2018). Within this
21 design, we varied the densities of both species independently by using treatments that
22 combined the two species at two or more densities. To also study how abiotic conditions
23 changed coexistence predictions, the experiments took place in two contrasting environ-
2« ments: an open environment, where plants interacted at least 1 m away from woody debris
265 and a woody environment, where plants interacted within 30 cm of woody debris.

266 To implement our response—surface experiments, in October 2017 we first weeded out
27 all aboveground biomass of plants inside of circular plots with a 7.5 ¢m radius. This

s neighborhood radius has been shown to be sufficiently large to capture local plant—plant

15
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260 interactions within the study system (Martyn et al., 2021). Each plot was then sown at one
20 of four different densities of each species as a focal: an invasion density where only five
2r1 - seeds were sown (thinned to one individual after germination), low density (15 seeds in
22 total), medium density (30 seeds in total), and high density (60 seeds in total). We varied
273 the densities with which the non-focal species was sown across three treatments: absent
24 (0 seeds in total), medium (30 seeds in total), or high (60 seeds in total). Treatments there-
275 fore consisted of combinations of the density of each species sown as a focal, the density of
27s each species sown as a neighbor, and the environment where interactions took place. We
277 had eight replicates per treatment, which yielded 256 total plots. Seeds were allowed to
2zs  germinate, and we thinned plots in composition in July 2018 (i.e., we weeded out neigh-
279 boring plants from species that were not sown) and counted the abundance of neighbors
220 removed during weeding. We then collected the seeds produced after the growing sea-
261 son in October 2018 and also counted the number of conspecific plant individuals and
22 heterospecific plant individuals in the plot at the time of seed collection.

283 Finally, we relied on a different set of data to obtain estimates of the survival and ger-
24 mination rates for both of our focal species in the field and the maximum abundance each
265 species could achieve in the neighborhood radius where interactions took place (Towers
286 et al., 2022). We show these values of seed survival rate, germination rate, and maximum

2e7 abundance per species in Appendix S3.
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268 Statistical inference

220 We fit Eqns. 2 and 8 separately for both of our focal species in order to get the relevant
20 parameter estimates necessary to make coexistence predictions. For both species, we
201 fit these non-linear models with a Bayesian framework using Hamiltonian Monte Carlo
22 methods. We used Bayesian inference to explicitly incorporate the uncertainty surround-
23 ing model parameters in probability distributions (McElreath, 2018). Across all models,
204 We explicitly accounted for the environment where seeds were sown in our parameter
205 estimates. For all of the parameters across all models, we did this by treating the woody
26 treatment as a dummy variable W that takes the value W = 0 in the open conditions and
27 W = 1 in the woody conditions.

298 For all models and all environmental conditions, we constrained the fecundity in the
200 absence of density dependence to be positive in order to keep our predictions biologi-
s00 cally plausible. Across all model fits, we included an extra interaction coefficient (a;;) to
st account for the effects of non-focal plant species that were weeded out in the experiment.
22 We fit this extra interaction term to improve the parameter estimates related to our focal
w03 species, but because we do not know those species” other parameter values we could not
s+ model their corresponding coexistence outcomes. To ease later interpretation, we con-
s0s strained all focal-focal interaction coefficients to be positive (i.e., competitive). This only
6 led to minor variation in inferred parameter values as only the posterior distributions of
7 the “other” interaction coefficients showed a strong tendency toward values < 0 (Ap-

28 pendix S4: Figs. S1 & S2).

17


https://doi.org/10.1101/2023.02.13.528375
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.02.13.528375; this version posted February 14, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

300 Since seeds produced per focal individual is a discrete count response variable, we
si0 modelled these outcomes as negative-binomial variates. We used a negative binomial
sin  instead of a Poisson model because the former provided significantly improved model
sz fit, indicating a degree of over-dispersion in the empirical data. To ensure consistency
s13across our different linear and non-linear models, we fit all models using the negative
s+ binomial family and an identity link function.

315 We fit all models using the function brm from the package brms (Biirkner, 2017) in
s16  the statistical program R version 4.0.2 (R Core Team, 2013). As non-linear models, brms
s1i7 - required explicit specification of the prior distributions for all parameters except the dis-
sis  persion parameter in the negative-binomial distribution (for which we used the default
s19 prior); across all models, we therefore used wide priors for intrinsic fecundities and

20 weakly informative priors for the interaction coefficients. As a representative example,
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21 the full Bayesian description of the Beverton-Holt model for species i is:

Fis ~ Negative-Binomial(y; 4, ¢;) (10)
/\.
id = 14 KijqNid + “ilj’,i”j,d + Kik,dMk,d o
Aig- = (L =Wa)Aip +Wakiw (12)
aiig = (1—Waaiio+ Wattiiz (13)
wijg = (1= Wa)ajjo + Warij (14)
wigg = (1= Wa)aiko + Wai g (15)
{AiosAiw} ~ CauchyJr (0,5) (16)
{ @i 00 it s Xij,0s ijw}  ~ Normal™(0,1) (17)
{@ik o, ik} ~ Normal(0,1) (18)

22 Where the subscript d indicates each focal observation, the subscript o indicates parame-
223 ters applicable in the open environment, the subscript w indicates parameters applicable
24 in the woody environment, and #; ; is the count of species i in the plot corresponding to
225 focal observation d. Only Eqn. 11 changes when moving from the Beverton-Holt to the
26 Ricker model.

527 For each model, we ran four chains with a warmup of 2000 iterations and 2000 sam-
228 pling iterations. We determined convergence when trace plots were well mixed and sta-
20 tionary and when the Gelman-Rubin convergence diagnostic (Rhat) was less than 1.05
w0 for all parameters (Vehtari et al., 2021). We compared the fits of the models for each fo-

s cal species using the Leave-One-Out cross-validation Information Criteria (LOOIC). This
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sz goodness of fit measure is used for estimating the out-of-sample prediction accuracy of
sz Bayesian models and provides a measure of model fit that is penalized for the number
w4 Oof model parameters. As with other information criteria, lower values of LOOIC corre-
s spond to better supported models. Additionally, LOOIC is more robust for models with
ss  weak priors or influential observations compared to other information criteria (Vehtari
w7 et al., 2017). We calculated out-of-sample deviance separately for models in open and
ss  woody environments because LOOIC is calculated additively over observations. We also
s0 calculated Akaike weights for each model in each environmental condition, which can be
s interpreted as an estimate of the probability that the model will make the best predictions
a1 of new data, based on the set of models considered (McElreath, 2018). As one final basis
a2 of comparison, we also fit a “null” model where all interaction coefficients were fixed to
ss zero as a demonstration that the models were capturing meaningful signals of density

ss  dependence in the empirical data.

us Predictions incorporating uncertainty

us To study how model formulation changes predictions of species coexistence, we used our
w7 framework to make predictions using median parameter estimates and a different model
us per species (Eqn. 2 or 8). We examined all the possible combinations of each species’
ue  density dependence being defined by a different model, which yielded a total of four
0 predictions. Furthermore, we also explored how abiotic conditions change predicted co-
51 existence outcomes by making predictions using median parameter estimates in the open

sz and woody conditions. We therefore had a total of eight different scenarios from which to

20
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s make predictions (four for each environmental condition), as well as the corresponding
4 size of B, size of 7y, and value of p.

355 To incorporate parameter uncertainty, we also made predictions using 4000 draws
s from the parameters’ posterior distributions. For each of the eight predictions made using
7 median parameter values, this gives us 4000 additional coexistence predictions. Posterior
s distributions of parameters contain the relative plausibility of different parameter values,
e conditional on the data and the model used (McElreath, 2018). This approach yielded a
se0 posterior distribution of coexistence outcomes, as well as distributions of the size of 3, the
st size of 7, and the value of p.

362 For each model combination and each environmental condition, we lastly determined
ss the proportion of posterior draws that predicted coexistence and competitive exclusion
se4 driven by G. rosea or T. cyanopetala. When the predicted outcome was competitive ex-
ss clusion, this implies that the empirical expectation is a monoculture of the “dominant”
s species. Therefore, we also qualified these single-species dominant equilibria with whether
57 Or not the species was expected to be present at densities below or above the abundance-

ss based constraints we considered elsewhere.

w» Results

w0 Model fits

s71 Model comparison using LOOIC showed that the Ricker model was the preferred model

sz overall for density dependence of G. rosea and the Beverton-Holt model was the preferred

21
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szs model overall for T. cyanopetala since they consistently had the lowest LOOIC score (Table
s 1). However, Akaike weights showed that there was support for both models across the
s open and woody environmental conditions. Likely owing to the particularly weak inter-
w76 actions experienced by T. cyanopetala in the woody environment (Appendix S4: Figs. S1
sz & S2), the null model attained non-trivial model weight; however, the null model re-
ss  ceived limited Akaike weight across all the data, supporting the notion that the Ricker and
s7s  Beverton—Holt models are indeed capturing meaningful signals of density-dependent fe-

0 cundity for both two focal species.

w  Structural sensitivity & environmental context dependency

2 As a starting point, we focus on predictions made using median parameter values but
3 while varying the models used for density dependence and the environment in which
4 the species were competing. Here, we found that inferences related to the biologically
ses constrained feasibility domain, and how it varied across environments, were clearly con-
s tingent on the model formulation used for both specfies. The location of the biologically
7 constrained feasibility domain showed clear shifts when moving from the open to woody
s environment (Fig. 2). Effectively all model combinations indicated that interactions al-
9 lowed for greater variation in the vital rate of G. rosea in the open environment and for
s0 greater variation in the vital rate of T. cyanopetala in the woody environment while still
s maintaining coexistence. Three out of four model combinations also gave strong indi-
s2 cations that the size of the biologically constrained feasibility domain was larger in the

s woody environment than in the open environment (Fig. 3). Similarly, all model combi-
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s4 Nations indicated that the size of the biologically constrained feasibility domain was (i)
ses larger than the size of the area in monoculture in the open environment but (ii) smaller
w6 than the size of the area in monoculture in the woody environment (Fig. 4).

307 Predictions of species coexistence using median parameter estimates were also con-
w8 tingent on the model formulation used for both species in both environments (Fig. 5). In
0 the open environment, the model used for G. rosea did not impact these predictions; how-
w0 ever, we predicted T. cyanopetala would outcompete G. rosea when using the Beverton—
w1 Holt model for T. cyanopetala and predicted coexistence when using the Ricker model for
w2 T. cyanopetala. In the woody environment, the prediction using median parameter val-
w3 ues was that G. rosea would outcompete T. cyanopetala as long as the Ricker model was
w4 used for G. rosea or when both species were modelled with the Beverton-Holt model;
w5 when the Beverton—-Holt model was used for G. rosea but the Ricker model was used for
ws T. cyanopetala, the prediction using median parameter values was that the two species

a7 would coexist.

ws Structural sensitivity, environmental context dependency, & parameter

wo Sensitivity

s Predictions made with the full posterior distributions of parameter values could be quan-
s titatively and qualitatively very different than predictions made with median parameter
sz values (Figs. 3, 4, & 5). Some model combinations appeared to induce greater variation
s in the location of the biologically constrained feasibility domain whereas other model

x4 combinations appeared to induce greater variation in the species’ inferred vital rates (Ap-
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x5 pendix S5: Figs. S1 & S2). The extent of parameter sensitivity depended on the models
s used and the environment where interactions took place. Importantly, we also noticed
s7 that the prediction made using median parameter values did not always correspond to
xs the outcome that was predicted to be most likely across the full posterior distribution
s of parameter values (Fig. 5). There was a slightly higher tendency for model combina-
20 tions including the Beverton—-Holt model to predict mono-species dominance at a density
21 greater than that given by our abundance-based constraints; however, these predictions
w22 were rare overall.

423 When the two species interact in the open environment, the most common prediction
424 across posterior draws was that the two plant species would coexist (49% of all posterior
225 draws). That said, the proportion of posterior draws that predicted coexistence ranged
26 from 25% to 67% depending on the models used to capture density dependence. In the
27 open environment and across all model combinations, 34% (range: 12-58%) of posterior
28 draws predicted that T. cyanopetala would competitively exclude G. rosea whereas 14%
20 (range: 11-19%) predicted the reverse. The open environment therefore was the environ-
w0 ment in which T. cyanopetala appeared to have a competitive advantage.

431 When the two species interact in the woody environment, the most common predic-
sz tion across posterior draws and model combinations was that G. rosea would competi-
s tively exclude T. cyanopetala (mean: 64%; range 32-88%). The next most likely predicted
14 outcome was coexistence (mean: 29%) though this varied substantially across model com-
5 binations, from a low of 7% to a high of 59%. Competitive exclusion of G. rosea by T.

ss  cyanopetala was predicted to be rare across posterior draws (mean: 3%); however, it was
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47 predicted to occur for >7% of posterior draws when the Beverton-Holt model was used
ss for G. rosea and the Ricker model was used for T. cyanopetala. The woody environment
w0 therefore was the environment in which G. rosea appeared to have a competitive advan-

440 tage.

« Discussion

a2 Our results show that using phenomenological models to predict whether or not a pair
3 of species can coexist is far from trivial. Indeed, even seemingly subtle differences led to
x4 predictions of both coexistence and competitive exclusion based around the exact same
us experimental data. Even in the cases where we predicted the most likely outcome in a
us  given environmental condition was competitive exclusion, which of the two species was
7 predicted to be dominant could vary depending on the models being used.

448 Given our experimental data, both the Beverton-Holt and Ricker models received sta-
a9 tistical support based on how they captured variation of seed sets with increasing neigh-
ss0 bor density (Table 1). It is often the case in annual-plant studies that more than one
st phenomenological model has statistical support for different species or sites (Levine &
ss2  HilleRisLambers, 2009; Mayfield & Stouffer, 2017; Bimler et al., 2018; Martyn et al., 2021).
ss3s  Nonetheless, exploring predictions made by more than one model is not common prac-
s tice in the study of species coexistence, unlike the study of other ecological processes like
45 predator—prey dynamics (Myerscough et al., 1996; Fussmann & Blasius, 2005; Aldebert &
46 Stouffer, 2018). By limiting our predictions to a single type of phenomenological model,

ss7 - we not only have to ignore other models that share statistical support, but we also limit
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s our understanding of how model formulation itself changes our predictions.

s Small differences, amplified

w0  We found clear indications that that predictions of species coexistence using the annual-
w1 plant model are structurally sensitive. In both environments, predicted coexistence varied
w2 considerably depending on the models used to quantify density dependence (Fig. 5). Our
w3 study thus provides another clear example where predictions made with different models
w4 canbe quantitatively similar (e.g., in terms of their fit to data) and still have different qual-
w5 itative behaviors, one of the hallmarks of structural sensitivity (Cordoleani et al., 2011).
w6 Structural sensitivity can arise because slight perturbations in model formulation become
w7 largely amplified (Cordoleani et al., 2011; Wood & Thomas, 1999), and predictions can be
ss structurally sensitive in different ways depending on the qualitative behavior examined
w9 (Cordoleani et al., 2011; Aldebert & Stouffer, 2018). In the case of coexistence outcomes,
s predictions require the choice of a model to use for each species, which can further am-
sn plify small differences between models.

472 In the open environment, we predicted coexistence was the most likely outcome in
a3 three out of the four model combinations we explored (Fig. 5). However, this depended
a4 most strongly on the model used to model density-dependence of T. cyanopetala: when us-
475 ing the Beverton—-Holt model, competitive dominance of G. rosea by T. cyanopetala was pre-
w76 dicted to be more likely. Overall, both the Beverton-Holt and the Ricker models predicted
477 intraspecific interactions to be larger than interspecific interactions for both species in the

s open environment (Appendix S4: Figs. S1 & S2), which tends to promote coexistence since
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a7 species limit themselves more than they limit others (Chesson, 2000; Adler et al., 2018).
0 Furthermore, the intrinsic fecundity of T. cyanopetala was predicted to be larger given the
w1 Beverton-Holt model than given the Ricker model (Appendix S4: Fig. S2). Thus small
sz differences between models resulted in a more restricted feasibility domain, and a shift
3 in the position of species vital rates in parameter space, compared to other model com-
w4 binations. Summed together, these changes caused the vital rates to fall outside of the
w5 biologically constrained feasibility domain and ultimately to a prediction of competitive

a6 exclusion of G. rosea by T. cyanopetala (Fig. 5).

w» The importance of environmental context

w8 The extent of structural sensitivity observed in our focal system changed in the woody en-
s vironment. When we made predictions using median parameter estimates in the woody
w0 environment, three out of four model combinations predicted competitive exclusion of
s T. cyanopetala by G. rosea (Fig. 5). Intriguingly, this occurred despite the fact that the size
w2 of the biologically constrained feasibility domain in the woody environment appeared to
w3 be larger than its size in the open environment (Fig. 3). The increased likelihood of pre-
a4 dicting competitive exclusion compared to the open environment seemed to be driven by
45 several factors. One of them is that inferred interspecific interactions were stronger than
w6 intraspecific interactions for G. rosea when using both models (Appendix S4: Fig. S1),
47 which resulted in a smaller 8 in the woody environment. However, since intraspecific in-
w8 teractions were generally inferred to be weaker in the woody environment (Appendix S4:

w90 Figs. S1 & S2), the space of vital rates allowing feasible coexistence compared to the space
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soo allowing monocultures decreased (Fig. 4).

501 Furthermore, both species in the woody environment were predicted to have lower
sz fecundities in the absence of competition compared to the open environment, which sup-
sis ports observations from previous empirical studies in this system that observed lower
s« plant abundances in this system when growing under litter (Wainwright et al., 2017b).
ss  Of the two species, G. rosea was predicted to experience a sharper reduction in seed set
sos by both models (Appendix S4: Fig. S2). Even though the presence of woody debris in
s7 semiarid systems can reduce solar radiation and ameliorate drought stress (Wainwright
ses et al., 2017b), our results suggest that these two species are less likely to coexist in woody
s9 environments due more to an environmentally induced shift in interaction strengths as
sio  opposed to a concerted change in the two species’ fitness differences.

511 Our results provide another example where interaction strengths, and thus coexis-
siz tence predictions, change with environmental conditions, a result that has been empiri-
sis  cally demonstrated before in this system (Wainwright et al., 2017a; Bimler et al., 2018) and
si4  others (Matias et al., 2018; Van Dyke et al., 2022). Other studies have documented that
sis the fecundities of both focal species indeed change while growing inside coarse woody
sis debris, but spatial mechanisms of coexistence have not been found (Towers et al., 2020).
si7 Importantly, the overall extent of environmental context dependency in our experimental
sis  system is influenced by the models used to quantify density dependence for both species.
siv.  That is, the apparent effect of abiotic conditions can be enhanced or diminished in predic-

s20 tions of species coexistence due simply to one’s choice of phenomenological model(s).
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= Parameter uncertainty and the probability of predicting species coexis-

52 tence

23 Using a Bayesian approach to fit models to data also allowed us to have a better un-
s« derstanding of the parameter uncertainty associated with our predictions. Our results
s2s showed that estimating pairwise coexistence only using median estimates of parameter
26 values might overlook instances where the uncertainty encompasses outcomes different
27 to the median prediction (Fig. 5). Previous studies have also incorporated parameter un-
s2s certainty in coexistence predictions by propagating standard errors (Matias et al., 2018)
s29  Or bootstrapping observations (Garcia-Callejas et al., 2020). However, these approaches
ss0  were only incorporated to show the robustness of predictions rather than to examine the
ss1 - causes and effects of parameter uncertainty in predictions of species coexistence.

532 Our results also show that even when we predicted competitive exclusion, the species
sis we predicted to be competitively excluded varied across posterior draws (Fig. 5). Other
ss«  studies that have incorporated posterior distributions of parameter values in coexistence
s3s  predictions have also encountered this uncertainty regarding the outcome of competition
sie  (Terry et al., 2021). However, they also found that posterior predictions mostly agree with
s predictions using median parameter values (i.e., species were confidently coexisting or
sss not; Terry et al., 2021). Our results did not show as clear differences, particularly in the
s open environment where species inferred vital rates were particularly close to the coexis-
se0 tence boundary (Appendix S5: Fig. S1).

41 Importantly, the effect of parameter sensitivity on predictions of species coexistence
s«2 has been mostly interpreted as statements of uncertainty in the underlying data, rather
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ses than implying a probabilistic outcome (Terry et al., 2021; Matias et al., 2018). Our study
sas  goes beyond that interpretation by combining model weights and posterior predictions
ss to calculate the probability of predicting coexistence given the phenomenological models
s6 used to quantify density dependence. Given the uncertainty associated with our predic-
sz tions, our results suggest that coexistence between G. rosea and T. cyanopetala is at least
s plausible in the open environment while being virtually impossible in the woody environ-

s«0  ment (Fig. 5).

ss0  Conclusion

ss1. Predictions of species coexistence constitute the building blocks for many ecological stud-
2 ies, such as community assembly (HilleRisLambers et al., 2012; Kraft et al., 2015; Grainger
sss et al., 2019), the evolution of competitive communities (Letten et al., 2021; Pastore et al.,
sss 2021; Germain et al., 2022), or the role of species richness in ecosystem functioning (Godoy
sss et al., 2020). Many of these studies rely on mathematical models as the basis of their pre-
sso  dictions. Species coexistence is determined by many processes acting simultaneously, and
7 studying it often involves a process of abstraction from ecological reality to mathematical
sss Objects such as phenomenological models (Levins, 2006). Structural sensitivity is likely
9 to arise when these processes are summarized into equations after adopting assumptions
seo regarding the complexity of the biological system (Aldebert & Stouffer, 2018). This makes
ssr - predictions of species coexistence made with phenomenological models particularly vul-
s2 nerable, especially when the model is an extreme simplification of a much more complex

sss  phenomena (Aldebert et al., 2018; Stouffer, 2022). Our study has shown that different
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ss«  phenomenological models can enhance or diminish the effect of environmental context
sss dependency and parameter sensitivity, and thus our predictions of species coexistence.
sso  Overall, we argue that the interplay between different sources of uncertainty should not
s7  be ignored when we make model-based predictions, be they for the outcome of competi-

ss tion between plants or any other complex and emergent ecological phenomenon.
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Table 1: Model comparison for data collected in the open environment, the woody environment,
and for all data together. LOOIC (leave-one-out cross-validation information criteria) penalizes
models for the number of parameters, and the lowest value reflects the best-performing model.
The resulting Akaike weight for each model is an estimate of the probability that the model will
make the best predictions of new data across the the set of models considered.

Species Model Open Woody All
LOOIC Weight LOOIC Weight LOOIC Weight
G. rosea Null 69196 001 69345 000 69270  0.00
G. rosea Beverton-Holt 68273 055 68295 039 68284 047
G. rosea Ricker 683.18 044 68210 060 68264  0.52
T. cyanopetala  Null 946.47  0.00 943.19 0.06 944.83 0.01
T. cyanopetala  Beverton-Holt 93495  0.66  937.60 092  936.28  0.88
T. cyanopetala  Ricker 936.33 033 94452  0.03 94042  0.11
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Figure 1: Estimation of the biologically constrained feasibility domain. A) We show the mathemat-
ical feasibility domain (green points) given a hypothetical competition matrix with intraspecific
competition coefficients a;; = aj; = 1 and interspecific competition coefficients a;; = a;; = 0.5.
Points sampled in this region of parameter space lead to both species having positive equilib-
rium densities. Note that, mathematically, this region extends infinitely in the positive quadrant.
B) Some of these mathematically feasible points, however, may correspond to equilibrium abun-
dances that are greater than empirically informed abundance constraints (red points). For this
visual example, we restrict biologically sensible equilibria to have ¢;N; < 1and g;N; < 2. C) Part
of the the parameter space may also fall outside model-based constraints (blue points); for exam-
ple, when both species’” density dependence is described by the Beverton-Holt model r; > —1
and r; > —1. D) The space of the mathematical feasibility domain that does not overlap with
any abundance or model-based constraints gives the biologically constrained feasibility domain
(green area).
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Figure 2: Biologically constrained feasibility domains and species” inferred vital rates in the open
and woody environments for different model combinations. For each combination of models used
to quantify species” density-dependent fecundity, we show the inferred feasibility domain and
species vital rates using the median parameter values inferred from the experimental data. In each
panel, the white area is the biologically constrained feasibility domain in the open environment
and the green shaded area is the same in the woody environment. The white point corresponds
to the inferred vital rates in the open environment and the green point the same in the woody
environment. Points that are circles imply predicted coexistence (i.e., the vital rates fall inside the
biologically constrained feasibility domain); points that are diamonds correspond to a prediction
of competitive exclusion (i.e., the vital rates fall outside the biologically constrained feasibility

domain).
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Figure 3: Estimated size of the biologically constrained feasibility domain (Ap) in the open and
woody environments for different model combinations. Each column corresponds to a different
model used to capture density-dependent fecundity of G. rosea whereas each row corresponds to a
different model used to capture density-dependent fecundity of T. cyanopetala, as indicated on top
and at right. Within each panel, we show box-and-whisker plots for Ag estimated from each draw
from parameters’ posterior distributions. In all cases, the box covers the 25th-75th percentiles, the
middle line marks the median, and the maximum length of the whiskers is 1.5 times the interquar-
tile range. Underneath the box-and-whisker plots, we show violin plots which demonstrate the
full posterior distributions of the quantities in question. Due to their large underlying variation,
we logarithmically transform the values of Ag prior to plotting.
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Figure 4: Estimated relative coexistence ratio p in the open and woody environments for different
model combinations. Each column corresponds to a different model used to capture density-
dependent fecundity of G. rosea whereas each row corresponds to a different model used to cap-
ture density-dependent fecundity of T. cyanopetala, as indicated on top and at right. Within each
panel, we show box-and-whisker plots for sizes estimated from each draw from parameters’ pos-
terior distributions. In all cases, the box covers the 25th-75th percentiles, the middle line marks the
median, and the maximum length of the whiskers is 1.5 times the interquartile range. Underneath
the box-and-whisker plots, we show violin plots which demonstrate the full posterior distribu-
tions of the quantities in question. Due to their large underlying variation, we logarithmically
transform the values of p prior to plotting. The dotted line at log(p) = 0 therefore indicates when
the two domains have equal sizes.
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Figure 5: Predicted outcome of competition between the two focal species in the open and woody
environments for different model combinations. Each paired set of horizontal bars corresponds
to a different model combination; labels on the top indicate the model used for the species G.
rosea, and labels on the right show the model used for T. cyanopetala. Horizontal bars within
those panels show the proportion of posterior draws that predict: (i) competitive dominance of G.
rosea, coexistence, or competitive dominance of T. cyanopetala as indicated with the color bar in the
legend to the left. Outcomes highlighted with * indicate predictions of competitive dominance
but at higher than realistic abundances. In each bar, we also highlight with a white circle the
prediction corresponding to the median parameter values across all posterior draws.


https://doi.org/10.1101/2023.02.13.528375
http://creativecommons.org/licenses/by-nc-nd/4.0/

