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We present a new bidimensional, spatially-explicit ecological model describing the dynamics of halophytic vegetation in tidal saline wetlands. Existing vegetation models employ relatively simple deterministic or stochastic mechanisms, and are driven by local environmental conditions. In the proposed model, in contrast, vegetation dynamics depend not only on the marsh local habitat, but also on spatially-explicit mechanisms of dispersal and competition among multiple interacting species. The role of habitat quality, here determined by the local elevation relative to the mean sea level as a proxy for environmental conditions, is mathematically modeled by a logistic function that represents the fundamental (theoretical) niche of each halophytic species. Hence, the model does not artificially impose any constraints to the ability of a species to colonize elevated areas where it is usually not observed: such limitations naturally arise through competition with fitter species across marsh topographic gradients. We qualitatively test our model against field data based on a suitable assemblage of focus species, and perform a sensitivity analysis aimed at determining how dynamic equilibria in vegetation distributions are affected by changes in model input parameters. Results indicate that the model is robust and can predict realistic vegetation distributions and species-richness patterns. More importantly, the model is also able to effectively reproduce the outcomes of classical ecological experiments, wherein a species is transplanted to an area outside its realized niche. A direct comparison shows that previous models not accounting for dispersal and interspecific competitions are unable to reproduce such dynamics. Our model can be easily integrated into virtually any existing morphodynamic model, thereby strengthening our ability to simulate the coupled biotic and abiotic evolution of salt marshes under changing climate forcings.
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1 Introduction

Salt marshes are widespread morphological features in coastal and estuarine tidal landscapes, and are ecologically and economically important as they significantly contribute to coastal primary production, support high biodiversity, and provide a broad range of valuable ecosystem services (Costanza et al., 1997; Barbier et al., 2011; D'Alpaos and D'Alpaos 2021). In particular, salt marshes are highly efficient in sequestering and storing large amounts of blue carbon (Chmura et al., 2003; Kirwan and Mudd, 2012; Yousefi Lalimi et al., 2018), filtering nutrients and pollutants (Nelson and Zavaleta, 2012; Ratliff et al., 2015), and dissipating wave energy thereby mitigating shoreline erosion and providing nature-based protection against storms (Temmerman et al., 2013; Möller et al., 2014). However, the sustainability of saltmarsh ecosystems is severely threatened by climate-change-induced sea-level rise and increasing anthropogenic pressures, such as land reclamation as well as both human-induced subsidence and sediment starvation (Kirwan and Megonigal, 2013; FitzGerald and Hughes, 2019). As a result, large areas of salt marshes are being lost around the world every year at increasingly alarming rates (Day et al., 2000; Valiela et al., 2009; Mcowen et al., 2017; Tommasini et al., 2019).

The ability of tidal marshes to counteract rising relative sea levels depends on complex, dynamic feedbacks between physical and biological processes acting at different spatial and temporal scales (Morris et al., 2002; Mudd et al., 2004; D’Alpaos et al., 2007; Marani et al., 2010). While salt-marsh evolution in the horizontal direction depends on the balance between wave-induced lateral erosion (Marani et al., 2011; Leonardi et al., 2016) and marsh progradation, for which the availability of external sediment supply is key (Goodwin and Mudd, 2020; Yang et al., 2020a; Roner et al., 2021; Willemsen et al., 2021), the equilibrium of tidal marshes in the vertical direction results from the interplay between organic and inorganic deposition, erosion, changes in relative sea level, and variations of atmospheric CO2 concentration (Marani et al., 2007; D’Alpaos, 2011; Ratliff et al., 2015; Morris et al., 2016). Overall though, salt-marsh evolution, both in time and space, is intimately related to the dynamics of halophytic (i.e., salt-tolerant) plant communities colonizing the marsh platform.

The encroachment of pioneer halophytes capable of thriving in highly hypoxic and hypersaline soils facilitates sediment accumulation, ameliorate physical stresses, and promote further marsh growth thanks to the ability of these critical foundation species (sensu Dayton, 1975) to eco-engineer their habitats (Ranwell, 1972; Jones et al., 1994; Bruno, 2000; Bruno and Kennedy, 2000; Crain and Bertness, 2006; Morris, 2007; Vandenbruwaene et al., 2011; Da Lio et al., 2013; Marani et al., 2013; Lõhmus et al., 2020; van Regteren et al., 2020). Once foundation species are established, a network of emergent vegetation organized into recurrent zonation patterns develops along the gradients of elevation and salinity that characterize tidal wetlands (Pennings and Callaway, 1992; Belluco et al., 2006; Marani et al., 2006) (Figures 1A, B). Vegetation biomass actively contributes to marsh vertical accretion by reducing bottom shear stresses and the associated erosion processes (Ford et al., 2016), as well as by enhancing sediment deposition through both direct captures of suspended sediments and deposition of organic matter (Temmerman et al., 2005; Nyman et al., 2006; D’Alpaos et al., 2007). Moreover, vegetation allows tidal wetlands to sequester and store large amounts of organic carbon, sustaining the highest rate of carbon sequestration per unit area of all ecosystems, thanks to the fact that storage occurs predominantly in belowground biomass and soil is typically in anaerobic conditions (McLeod et al., 2011; Roner et al., 2016; Rogers et al., 2019; Wang et al., 2019; Ouyang and Lee, 2020). Finally, halophytes also exert critical control on soil aeration (Marani et al., 2006; Boaga et al., 2014), which in turn fuels vegetation zonation and the related biogeomorphic interactions typically observed in tidal marshes (Morris et al., 2002; Silvestri et al., 2005; Marani et al., 2006; Yang et al., 2020b).




Figure 1 | Topographic gradients and vegetation zonation in the San Felice salt marsh (Venice Lagoon, Italy). (A) Lidar-derived digital elevation model (DEM, spatial resolution 1 m; mean elevation 0.21 ± 0.09 m above datum) superimposed to an aerial image of the study area  (Aerial Imagery ©CNES/Airbus). Lidar data were collected on February 9, 2003. The reader is referred to Wang et al. (2009) for further details regarding data acquisition. (B) Classification map of vegetation species in the study area. The classification was carried out utilizing a Compact Airborne Spectral Imager (CASI) image, acquired on 29th September 2002 with a spatial resolution of 1.3 m from a flight altitude of 840 m (Belluco et al., 2006; Wang et al., 2007). Dominant vegetation species within each pixel were obtained based on relative fractional abundance estimated through the Random Forest soft classification method (see Yang et al., 2020b for further details), and upsampled using a bicubic interpolation method to meet the resolution of the Lidar data. The percent vegetation cover for each vegetation class is also reported in the legend. (C) Binary representation of the computational domain employed in the numerical simulations presented in this study. (D) Realized ecological niches observed in the study area based on DEM and vegetation data shown in panels (A, B), respectively. Continuous lines represent the probability density estimates of each species (including bare soils) across marsh elevations, whereas the gray area denotes the probability density estimates of marsh elevation derived from DEM data. (E) Local species richness (i.e., α-diversity) as a function of marsh elevation. Red dots represent point data derived from the DEM and vegetation map shown in panels (A, B), respectively. Red line denotes the best quadratic fit to point data, with dashed blue lines showing 95% prediction bounds. The gray area denotes the probability density estimates of marsh elevation derived from DEM data. (F) Empirical probability distributions of spatially-continuous vegetation patch areas, for different species including bare soil, are shown based on the exceedance probability for a given vegetation patch size. The analysis is based on vegetation data shown in panel (B). Empirical probability distributions of patch area are derived by computing A for every vegetation patch and plotting the probability obtained by counting the relative proportion of patches of the same species whose total area exceeds a current value a, here expressed in square meters.



Despite the importance of vegetation dynamics in controlling physical and biological processes that ultimately determine whether salt marshes will aggrade, persist, or drown in the face of climate changes, modeling these dynamics remains a major challenge both at the theoretical and practical level (e.g., Best et al., 2018; Brückner et al., 2019). This is mostly due to the fact that some key drivers of vegetation dynamics are not properly accounted for in common modeling practices.

Biotic interactions in numerical models are typically conceptualized based on the empirical observation that physical processes and stresses – such as salt-marsh vertical accretion rates, salinity, flooding frequency and duration (i.e., hydroperiod), and nutrient availability – exert a key role in regulating the realized distributions (i.e., observed niches) of marsh halophytes (Redfield, 1972; Snow and Vince, 1984; Kuhn and Zedler, 1997; Levine et al., 1998; Pennings and Bertness, 2001; Morris, 2007; Xin et al., 2013; Xin et al., 2017; Boyd et al., 2017; Schulte Ostermann et al., 2021). Realized niches typically display a maximum potential for presence and growth at an optimum intertidal elevation (Redfield, 1972; Silvestri et al., 2005), with different species confined to narrow elevation bands (Marani et al., 2004; Morris et al., 2005; Mudd et al., 2009) (Figure 1D). Consequently, local species diversity (i.e., α-diversity) also exhibits hump-shaped patterns, with intermediate elevations hosting the largest number of species (De Leeuw et al., 1992; Crain and Bertness, 2006) (Figure 1E). However, due to biotic interactions, the realized niche could be quite different from the theoretical one, the latter being the distribution a species would attain in the absence of interspecific competition. Indeed, field experiments involving transplantation of halophytes across marsh topographic gradients, outside their realized niches, indicate ever-increasing performances of each species as elevation increases from the lower to the upper marsh (Bertness and Ellison, 1987; Pennings and Bertness, 2001), in contrast with hump-shaped realized niches. Such a lack of correspondence between the physiological stress tolerance of marsh plants across topographic gradients and their realized distributions suggests that the latter may not necessarily resemble the fundamental (theoretical) niches, and urges a deeper understanding of ecological dynamics controlling species distribution. Indeed, this difference calls for factors other than environmental conditions to concur in creating the observed zonation patterns in salt marsh communities (Pennings and Bertness, 2001; Pennings and He, 2021).

Many experimental studies have demonstrated that there exists an inherent tradeoff between competitive ability and stress tolerance (sensu Grime, 1977), such that competitively superior plants occupy the more elevated, least stressful zones of the salt marsh and displace competitively inferior plants to the lower, more stressful portions of the intertidal frame (Snow and Vince, 1984; Bertness and Ellison, 1987; Bertness, 1991a; Bertness, 1991b; Pennings and Callaway, 1992; Levine et al., 1998; Ungar, 1998; Emery et al., 2001; Pennings et al., 2005; Morris, 2006). As a result, every halophytic species would be fully capable of persisting at elevations higher than where it normally occurs if competitors were absent, whereas species would die out if transplanted to elevations lower than the optimal realized niche. (Bertness and Ellison, 1987; Bertness, 1991a; Bertness, 1991b; Pennings and Bertness, 2001; Pennings et al., 2005). According to this paradigm, which is consistent with results from non-saline wetlands (Grace and Wetzel, 1981; Keddy, 1989), marsh halophytes could potentially colonize supratidal freshwater environments, where they are however outcompeted by glycophytes that are more fitted to hyposaline conditions. In view of the above, it is generally hypothesized that the lower limit of each species is determined by abiotic factors mostly related to marsh elevation and local climate (e.g., salinity, hydroperiod, redox potential, nutrient availability, soil moisture and chemistry, local microtopography, hydrodynamic stresses), while the upper limit is set by biotic factors (e.g., competition-facilitation and tradeoffs thereof, physiological adjustment, seedling recruitment, emergence and growth strategy, herbivory predation), among which interspecific competition is key (Lee and Kim, 2018; Sarika and Zikos, 2020; Pennings and He, 2021).

Despite competitive displacement and physiological tolerance to stressors having long been recognized as the most decisive factors in generating salt-marsh vegetation zonation (e.g., Pennings and Callaway, 1992), most of the existing ecomorphodynamic models of salt marshes employ oversimplifications that do not allow these processes to be effectively reproduced.

First, fundamental species niches are typically approximated by the realized ones. Therefore, although field studies suggest performances of individual species to increase steadily with elevation in the absence of competition, habitat quality and vegetation performances are typically assumed to peak at an optimum marsh elevation, and to decrease as elevation moves away from such optimum (Morris et al., 2002; Morris, 2006; Morris, 2007; D’Alpaos et al., 2007; Kirwan and Murray, 2007; Kirwan and Guntenspergen, 2010; Fagherazzi et al., 2012; Da Lio et al., 2013; Marani et al., 2013; Kirwan et al., 2016; Geng et al., 2021; Kalra et al., 2021; Sgarabotto et al., 2021).

Second, competition in numerical models of marsh vegetation dynamics, with few exceptions (e.g., Marani et al., 2006), does not occur by direct species interaction. Rather, the successful colonizer is chosen based on local habitat quality in a deterministic (i.e., “fittest-takes-it-all”) or stochastic manner (i.e., proportionally to the local habitat quality of all species) (Morris et al., 2002; Morris, 2006; D’Alpaos et al., 2012; Da Lio et al., 2013; Marani et al., 2013). Therefore, competition occurs indirectly by virtue of changes in local marsh elevation, assuming specific competitive abilities to operate most efficiently within the optimal habitat quality range of each species.

Finally, it is often overlooked that biological dispersal and competition in tidal marshes are density-dependent processes, i.e., they are a function of local population size, as well as habitat quality and size (Bertness and Ellison, 1987; Ellison, 1987; Bouma et al., 2009; Balke et al., 2017; Lõhmus et al., 2020; Bertassello et al., 2021).

Altogether, these shortcomings are likely to limit the ability of current ecomorphodynamic models to predict the response of marsh ecosystems to changing externals forcings (e.g., Zhang et al., 2020). To bridge this gap, proper modelling treatments of biotic interactions are required, which assume fundamental niches consistent with field observations and account for spatially-explicit mechanisms of interspecific competition and dispersal. Improving our ability to model the drivers and outcomes of halophytic-species zonation is paramount to enhance projections of salt-marsh evolution (Kirwan and Temmerman, 2009; Kirwan et al., 2016; Schuerch et al., 2018), with direct practical implications for salt-marsh conservation and restoration worldwide (Broome et al., 1988; Day et al., 2007; Palaima, 2012). In particular, a model capable of reproducing vegetation dynamics observed in the field would allow for cost-effective community-level studies, helping us to clarify whether our understandings of marsh systems derived from small-scale experiments can be upscaled to explain marsh community dynamics at larger spatial scales.

Here we present a new bidimensional, spatially-explicit, species-interaction model aimed at simulating the dynamics of halophytic vegetation in tidal saline wetlands based on vegetation habitat quality, competition, and dispersal. We test the model’s ability to reproduce patterns of vegetation zonation and species richness observed in nature. To demonstrate model robustness, we perform a sensitivity analysis and illustrate how changes in the key model parameters affect results. Moreover, we run exploratory numerical simulations aimed at assessing model performances in replicating results of ecological experiments involving the transplant of species outside their realized ecological niches. Even though the model can be easily extended to investigate morphological shifts from tidal flats to salt marshes driven by the colonization of pioneers species, here we do not focus on initial vegetation establishment (e.g., Balke et al., 2017; Brückner et al., 2019; Lõhmus et al., 2020) because our interest is in the medium to long-term outcomes of vegetation dynamics in mature marshes. Nonetheless, a discussion on how the initial vegetation distribution affects model results will be provided later in the text. Finally, we discuss the potential for integrating our model into a morphodynamic model to simulate the coupled evolution of vegetation and salt-marsh platforms under changing external forcings.



2 Material and Methods


2.1 Model

The model considers a system of I vegetation species, distributed in an equally-spaced 2D lattice with a uniform spatial resolution dx, wherein each site (i.e., cell) j is characterized by a given elevation (zj) relative to the mean sea level. The elevation zj determines the habitat quality of species i at site j via a habitat quality function (sensu Rybicki and Hanski, 2013), which is here modeled through a logistic function (Figure 2A):

 


where z0 corresponds to the logistic sigmoid point, k is the logistic rate, and the maximum habitat quality is set equal to 1 for all species. Habitat quality determines the fitness (performance) of the species in the respective grid cell as described further below. The habitat quality function can be viewed as the dimension of a species’ fundamental niche (sensu Hutchinson, 1957), that is, the space theoretically occupied by a species in the absence of competitors based on physical and biotic predictors alone. The realized niche is expected to be reduced in size as a result of interspecific competition (Bertness, 1991a; Ungar, 1998). The use of a monotonically increasing logistic function for habitat quality is justified by the empirical observation that halophytes are capable of living at elevations higher than where they are normally found if competitors are absent, whereas vegetation lower limit is set by plant tolerance to physical stresses (Pennings and He, 2021). Although these physical stresses are, in most cases, not fully identified, most of them (e.g., flooding frequency and duration, salinity, oxygen sufficiency, temperature) depend to some degree on the local hydroperiod, which is in turn primarily determined by the elevation of the marsh surface (Morris et al., 2002). Therefore, physical stresses in our habitat quality function are synthesized by means of the local marsh elevation (zj), implicitly assuming that physical stresses decrease as marsh elevation increases, and that such gradient is consistent across the whole marsh. The latter condition does not necessarily hold in marshes that are not regularly flooded (Costa et al., 2003; Pennings et al., 2005) as we will discuss later in the text (see Section 4).





Figure 2 | Parametrization of vegetation features in the numerical model based on 4 virtual species. (A) Patterns of specific habitat quality function fi(zj) (continuous lines, left y-axis) and mortality rate µi(zj) (dotted lines, right y-axis) as a function of local marsh elevation (zj). (B) Baseline specific competitive ability (δi) for different vegetation species i. (C) Specific competitive ability [δi fi(zj)] as a function of local marsh elevation (zj). Values of the parameters  z0i, ki, and δi for each species are reported in the lower inset.




Each cell of the system can be occupied by a single individual of a generic species i. We explicitly model the process of death and colonization by offsprings of existing individuals via dispersal. Different species are characterized by different baseline competitive abilities δi (Figure 2B) that affect the probability of colonization when offsprings of different species are competing. As discussed in the introduction section, we introduce a tradeoff between competitive ability and stress tolerance so that species with lower stress tolerance (higher z0) have an inherent higher competitive ability and vice versa (Figures 2B, C). Therefore, habitat quality modulates specific mortality and fertility rates, as well as their effective competitive ability.

Ecological interactions among species are simulated as follows. At each time step, the individual occupying a given site j dies according to the local mortality rate of the species i it belongs to. Such a mortality rate µi(zj) is assumed to be inversely proportional to the specific habitat quality:

 

where µ0i is the baseline mortality rate of species i. The mortality rate is minimum where the species have the maximum habitat quality and increases for lower habitat quality at lower elevations (Figure 2A). We model the occurrence of a death event as a Poisson process. Thus, the waiting time until the next death event occurs follows an exponential probability distribution characterized by a rate µi. Therefore, within a time step Δt, each individual dies with probability  .

The cleared site can be recolonized by the offspring of any individual in the system. Colonization by an offspring of species i occurs at a rate Cij. Such a rate is proportional to the fertility rate characterizing the ith species, weighted through a dispersal kernel function   (Bullock et al., 2017) that depends on the euclidean distance d between the site j and any given site n colonized by the species i. Since K is typically inversely proportional to  , we will hereinafter assume K to be exponential:

 

where Di denotes a characteristic dispersal length and dx is the domain spatial resolution. The choice of an exponential dispersal kernel to model vegetation colonization is justified by empirical observations suggesting that i) in mature marshes, marsh perennials colonize available bare spaces mostly vegetatively rather than by seedling; and, ii) species dispersal takes place at a relatively local scale (Bertness and Ellison, 1987; Ellison, 1987; Bullock et al., 2006; Chang et al., 2007; Lõhmus et al., 2020). The total colonization rate Cij exerted by the species i on the site j can thus be expressed as follows:

 

where N is the total number of sites (i.e., cells) within the domain, wi,n is a binary occupation function that is equal to 1 when the site n is colonized by species i, and φi is the baseline fertility rate of species i corresponding to the maximum habitat quality fi=1. Notably, Cij depends on the habitat quality that the ith potential colonizer has both on all the sites that it currently colonizes (as it affects the ith species fertility:  ) and on the site j to be colonized (as it affects the ith species competitive ability at site j: δi fi(zj), see Figure 2C). Colonization can also be allowed by offsprings of individuals not currently present within the system. This additional competitor is accounted for by adding a term   to Cij at each time step, being ϕout the input of offsprings from outside the system, in this way potentially allowing for immigration of species not currently present in the system. To account also for this possible process, Cij eventually reads:

 

The site j is colonized with a probability  , where   is the total colonization rate at site j by any species i:

 

If the colonization event occurs, the colonizing species is randomly selected with a probability proportional to Cij; otherwise, the site is left unvegetated.

The colonization rate Cij can be seen as the bidimensional convolution between the field   and the Kernel K(d) (Rybicki and Hanski, 2013; see Figures 3A–C):

 


where   denotes the bidimensional convolution. Taking advantage of the properties of the Fourier bidimensional transforms, one can write (Rybicki and Hanski, 2013):

 

and eventually:

 

being F and F-1, respectively, the Fourier Transform and its inverse. Figure 3C illustrates the calculation of a bidimensional convolution between wi,n (Figure 3A) and K(dn,j) (Figure 3B) on a synthetic square domain computed through the discrete Fast Fourier Transform (FFT) algorithm. Figure 3D shows the absolute difference between the explicit bidimensional convolution and the calculation carried out using the discrete FFT. The observed differences, which can be ascribed to approximation errors due to the use of the FFT algorithm, are in the order of 10-16 and can thus be neglected.





Figure 3 | Conceptualization of vegetation dispersal illustrated in a square, 100m-wide, idealized lattice domain. (A) The n=5 pixels colonized by a given focus species i are represented by a binary occupation function wi,n.(B) Value of the dispersal kernel κ as a function of the euclidean distance d of each pixel from the pixel in the lower-left corner within the idealized lattice. The characteristic dispersal length for κ is assumed equal to D=3 m. (C) Results of the 2D convolution wi,n ⊗ κ(d) between the occupancy field wi,n and the dispersal kernel κ(d) shown in panel (A, B), respectively, computed using the Fast-Fourier Transform (FFT) algorithm. (D) Absolute difference ΔC in the value of the 2D convolution wi,n ⊗ κ(d) computed explicitly and using the FFT algorithm. Black dots denote pixels occupied by the focus species [see panel (A)] in which ΔC =0.






2.2 Numerical Simulations

We test our model against field data from the San Felice salt marsh (Venice Lagoon, Itay), for which combined elevation and vegetation data are available at a spatial resolution of 1 m (Figures 1A, B). Both the marsh domain and elevation were set equal to those observed in the field (Figures 1A, C), and elevation was held constant over the whole simulation duration. In this way, biotic interactions can emerge more clearly as no eco-morphodynamic feedbacks are allowed.


2.2.1 Sensitivity Analysis

To explore model performances and their sensitivity to input parameters, simulations of 50-year duration were carried out to allow time for convergence to a dynamic steady state in terms of vegetation distributions. In order to filter out oscillations due to demographic stochasticity, each simulation was repeated 20 times, and aggregated results of repeated simulations were finally analyzed. A constant timestep equal to 1 solar month was used in all simulations.

We considered a total of 4 virtual species (i.e., a suitable assemblage of focus species), equal in number to those observed in the field and characterized by different fundamental niches (e.g., Figure 2A). Besides being equal in number to the species observed in the San Felice salt marsh (Figures 1B, D), the virtual species we adopted are generally characterized by habitat quality functions aimed to mimic, at least qualitatively, features of vegetation species found in the field (Figure 1D). Specifically, progressively larger values of the sigmoid point (z0) in the habitat quality function are generally adopted as the ordinal number of the virtual species increases, from i=1 to i=4. In this way, we implicitly assume higher ordinal species to be generally less adapted to lower marsh elevations (Figure 2). Therefore, a direct qualitative correspondence can be drawn between virtual and field species, with Species 1, 2, 3, and 4 ideally representing Spartina, Sarcocornia, Limonium, and Juncus, respectively (Figures 1B, D).

Though potentially feasible, we did not attempt to calibrate the parameters of the fundamental niches based on the realized vegetation distributions. Rather, parameter values of fundamental niches were chosen to represent hypothetical species with plausible habitat-quality distributions that span topographic ranges along the intertidal gradient observed in the study case (D’Alpaos, 2011; Da Lio et al., 2013; Marani et al., 2013). This is because the present-day zonation of vegetation species in the salt marsh does not necessarily reflect ecological succession till now (Roozen and Westhoff, 1985), and the high frequency of environmental disturbances in tidal marshes often causes vegetation to be in a transient, non-equilibrium state (De Leeuw et al., 1992). Hence, realized distributions might not reflect dynamic-equilibrium conditions. Besides, although the general mechanisms driving vegetation zonation in tidal marshes may be universal, the importance of different physical factors is likely to vary geographically (Pennings et al., 2005). Therefore, realized niches for any given species can differ regionally as a function of local tidal range, salinity, and climate, as well as community assemblage (Silvestri et al., 2005). As such, the use of virtual species allows us to test our model and generalize our results beyond the study case analyzed here.

Our reference simulation (REF) employs an exponential dispersal kernel with a species-independent characteristic dispersal length D=1 m. At the beginning of the simulation, vegetation species and bare-soil patches are randomly distributed across the computational domain. The habitat quality function of all species is characterized by a constant rate k=90 m-1, with logistic sigmoid points set equal to   ={0.05, 0.10, 0.15, 0.20} m for species i={1,2,3,4} respectively. We assume species-independent baseline mortality rate µ0=5·10-3 [days-1] and fertility rate φ=1/0.01 [days-1], while the import fertility rate is defined as ϕout = φ/100.

Finally, since different species are characterized by different interspecific competitive abilities, a baseline competitiveness coefficient δi is assigned to each species (Figure 2B). Though this coefficient can theoretically vary without limitations, in reality, we observe that more generalist and invasive species, typically restricted to lower marsh elevations, have comparably lower competitive ability than species occupying the higher portion of the intertidal range. Therefore, we hypothesized here that δi decreases linearly between δ=δMAX=1 and δ=δMIN≤δMAX, where δMAX and δMIN represent the competitive ability of the species displaying the highest and lowest z0 scores, respectively (Figure 2B). In our reference simulation, we set δMIN=δMAX=1, such that species have elevation-dependent habitat quality and otherwise neutral traits.

To demonstrate model robustness, we perform a sensitivity analysis and illustrate how changes in the key input parameters affect modelling results. Individual parameters are varied one at a time in order to study their effects on vegetation dynamics separately. In detail, we investigate the effects of different:

	- w_cos_hair01_a.ddsinitial vegetation distribution (IVD series), assuming a marsh completely devoid of plant life (IDV1) and a vegetation distribution equal to that observed in the field (IDV2, see Figure 1B);

	- habitat quality function (HQF series), considering four sets of values   equally spaced by 5 cm and spanning elevation ranges both lower ( ={-5,0,5,10} cm for HQF1;  ={0,5,10,15} cm for HQF2) and higher ( ={10,15,20,25} cm for HQF3;  ={15,20,25,30} cm for HQF4) than in the REF scenario. In addition, we also considered different sets of logistic rates ki, the latter being assumed to either increase (ki={5,30,60,90} m-1 for HQF5; ki={30,50,70,90} m-1 for HQF6) or decrease (ki={90,70,50,30} m-1 for HQF5; ki={90,60,30,5} m-1 for HQF6) as   increases;

	- interspecific competitive ability (ICA series), assuming progressively lower values of δMIN, corresponding to a progressively larger difference in interspecific competitive ability (δMIN=0.75 for ICA1; δMIN=0.50 for ICA2; δMIN=0.25 for ICA3; δMIN=0.01 for ICA4);

	- base mortality rate (BMR series), considering values of µ0 both larger (µ0=5·10-1 and 5·10-2 days-1 for BMR1 and BMR2, respectively) and lower (µ0=5·10-4 and 5·10-5 days-1 for BMR3 and BMR4, respectively) compared to the REF scenario, while maintaining the hypothesis of equal µ0 for all the virtual species;

	- fertility rate (VFR series), with φ values lower (φ=100 and 101 days-1 for VFR1 and VFR2, respectively) and larger (φ=103 and 104 days-1 for VFR3 and VFR4, respectively) than the REF scenario;

	- dispersal kernel size (DKS series), considering different characteristic dispersal length D equal to 0.10 m (DKS1), 0.50 m (DKS2), 1.50 m (DKS3), and 10 m (DKS4), while maintaining the hypothesis of equal D for all the virtual species;



The parameter values for all the simulations are reported in Table 1. Results have been analyzed in terms of changes in the percent vegetation cover through time, as well as realized vegetation niches and probability distributions of continuous patch areas occupied by each species (see Figure 1F) at the end of the simulation. Moreover, we have also analyzed the patterns of species richness (i.e., α-diversity) as a function of marsh elevation by counting the number of species observed at given elevation intervals (see Figure 1E).


Table 1 | Simulation parameters for the different scenarios investigated in the sensitivity analysis.





2.2.2 Transplant Experiment

To test the ability of our model to reproduce not only realistic patterns of vegetation zonation and species diversity at equilibrium but also dynamic evolution of marsh vegetation, we performed numerical simulations aimed to reproduce the outcomes of classical ecological experiments wherein a species is transplanted to an area outside its optimal (realized) niche.

After running the model for 50 years, in this way allowing for vegetation to reach a dynamic equilibrium condition, we simulated the transplant of marsh species outside their realized niches. To do so, we manually imposed species composition within a 20-by-20 m transplant plot. In the first series of simulations (TECOMP), we did not remove established neighbor vegetation around the transplant plot, thereby allowing for interspecific competition. In contrast, in the second series of simulations (TESOIL), we created around the transplant plot a 5-meter-wide buffer layer of bare soil in which vegetation was systematically removed at each calculation timestep, in this way eradicating potential competitors. In simulations TE1COMP and TE1SOIL, we transplanted Species 4, naturally occurring at high elevations, to a low-lying marsh area (average elevation of the transplant plot   =14.19 ± 2.44 m), whereas in TE2COMP and TE2SOIL we moved Species 1, naturally occurring at low elevations, into a highly-elevated marsh plot ( =27.18 ± 5.19 cm). Simulation parameters for the transplant experiments were those of the ICA1 series, in which the interspecific competitive ability increases linearly with   from δMIN=0.75 for Species 1 ( =0.05 m) to δMAX=1 for Species 4 ( =0.20 m). Individual simulations were repeated 20 times to filter out oscillations due to demographic stochasticity, and results were analyzed based on the evolution of percent vegetation cover through time within the transplant plot, monitoring monthly changes over a 10-year timespan.

In addition to this, we also compared results of the TECOMP and TESOIL simulations with those obtained using a stochastic modelling approach that has been widely employed in previous studies (e.g., Morris et al., 2002; Morris, 2006; Da Lio et al., 2013; Marani et al., 2013; D’Alpaos and Marani, 2016). In such a stochastic model, vegetation habitat quality does not monotonically increase with marsh elevation, and mechanisms of dispersal and interspecific competitions are not explicitly accounted for. Specifically, habitat quality and interspecific competitive ability are jointly described by way of a simple analytical expression:

 

where  =1 defines the elevation at which both habitat quality and competitive ability are highest, whereas λi is a specific scale parameter expressing the rate at which the habitat quality tends to zero as elevation departs from the optimal range, with larger (smaller) values of λi corresponding to more (less) “specialized” vegetation species. Similarly to our model, the mortality rate of species i at site j, characterized by an elevation zj, is inversely proportional to local habitat quality   [days-1]. In contrast to our model, however, when vegetation dies at zj, the successful colonizer is chosen stochastically, proportionally to the local habitat quality of all species at site j. Using this stochastic model, we replicated the TECOMP and TESOIL simulations in terms of both transplant strategies and locations. A value of λ = 5 equal for all species was used in the simulations, whereas   was assumed equal to {0.15 0.23 0.25 0.30} m for species i={1,2,3,4}, respectively. These values of   approximately correspond to the elevations at which logistic habitat quality functions of individual species reach their maximum values in the ICA1 scenario, which was considered in the transplant simulations carried out using our own model. Similarly to the other transplant experiments, in the TE3COMP and TE3SOIL simulations, we transplanted Species 4 ( =0.30 m) to a low-lying marsh area, whereas in TE4COMP and TE4SOIL we moved Species 1 ( =0.15 m) to upper marsh portions.





3 Results and Discussion


3.1 Sensitivity Analysis

We qualitatively compared our modelling results with field data in terms of realized vegetation distributions (see Figure 1D) and α-diversity (see Figure 1E), as well as probability distributions of continuous patch areas occupied by each species (see Figure 1F) for different sets of model parameters. Moreover, we also monitored the evolution of percent vegetation cover over the whole simulation horizon.

Results obtained from the REF simulation show that dynamic equilibrium in vegetation spatial distribution is attained after a time τe equal to 20 to 30 years from the beginning of the simulation (see Figure 4H), suggesting the selected simulation duration to be adequate. Similarly to field data, plots of the modelled realized vegetation niches and α-diversity display hump-shaped patterns (Figure 4M), while empirical probability distributions of vegetation patch size, plotted as cumulative probability of exceedance to avoid binning issues, clearly show a power-law character, jointly with the finite-size scaling effect induced by the cutoff dictated by specific maximum patch area (e.g., Giometto et al., 2013; Rinaldo et al., 2014) (Figure 4R). This altogether indicates that a relatively simple model such as that employed in the REF scenario, where species have elevation-dependent habitat quality functions and otherwise neutral traits, suffice in reproducing realistic patterns of species niches, diversity, and zonation (see Figures 1D–F for comparison).




Figure 4 | Effects of changes in the vegetation habitat quality functions (HQF series, varying logistic sigmoid point z0). Results of the reference simulation (REF, z0={5,10,15,20} cm) are shown in the central column. The first and second columns report respectively the results of the HQF1 (z0={-5,0,5,10} cm) and HQF2 (z0={0,5,10,15} cm) simulations, whereas the fourth and fifth columns show the results of the HQF4 (z0={10,15,20,25} cm) and HQF5 (z0={15,20,25,30} cm) simulations, respectively. Each panel displays data derived from all the 20 numerical simulations performed for each scenario. Different colors denote different vegetation species, including bare soil, according to the legend shown in the lower-right panel. (A–E) Patterns of specific competitive ability δi fi(zj) (continuous lines, left y-axis) and mortality rate µi(zj) (dotted lines, right y-axis) as a function of local marsh elevation (zj). The gray area denotes the probability density estimates of marsh elevation within the computational domain. (F–J) Changes of percent vegetation cover over the whole simulation horizon. (K–O) Realized vegetation niches (left y-axis) and local species richness (i.e., α-diversity, right y-axis) as a function of marsh elevation at the end of the simulation horizon. Gray dots represent α-diversity point data with red lines showing the best quadratic fit to point data. (P–T) Empirical probability distributions of spatially-continuous vegetation patch areas are shown based on the exceedance probability for a given vegetation patch size.



Initial vegetation distributions different from the REF scenario have limited effects on the model results at equilibrium. Specifically, results by all means similar to the REF simulation are obtained for the IDV1 scenario (Supplementary Figure 1), whereas only slight differences are observed between the REF and IDV2 scenarios, the latter being characterized by a longer τe (Supplementary Figure 1). Clearly, the similarity of results obtained for the IVD1, IVD2, and REF scenarios depends on the prescribed marsh elevations (Figure 1A), and above all on the fact that such elevations remain constant during the entire simulation. Since vegetation is not allowed to eco-engineer marsh topography through, e.g., organic matter deposition and sediment particle capture (D’Alpaos et al., 2007; Marani et al., 2013; Brückner et al., 2019), thereby ameliorating specific local habitat quality, the system is ineluctably destined to reach similar dynamic equilibrium conditions under fixed vegetation habitat quality functions, regardless of the prescribed initial vegetation distribution.

In contrast, changes in the parameters characterizing specific habitat quality functions have non-negligible effects. Progressively larger values of the logistic sigmoid point   (HQF1 to HQF4 simulations, Figure 4) enhance species mortality within the observed marsh elevation range, in this way shortening the time τe required to reach dynamic equilibrium conditions from about 35 years for HQF1 to less than 20 years in the HQF5 scenario (Figures 4A–E). Moreover, larger   promote the expansion of Species 1 - which occupies more than 80% of the marsh surface at the end of the HQF5 run compared to 65% and 40% in the REF and HQF1 scenarios, respectively – as well as of bare soil, which accounts for about 8% of the marsh area in the HQF5 simulation while being virtually absent in the HQF1, HQF2, and REF scenarios (Figures 4F–I, L). Not only do Species 1 and bare soil become more widespread for larger  , but also the average as well as the maximum size of the continuous patches they occupy increase, pointing to a more pronounced zonation for these two vegetation classes (Figures 4P–T). Expansion of Species 1 and bare soil occurs at the expenses of Species 2, 3, and 4, for which both the percent area cover (Figures 4F–I, L) and the average size of continuous patch areas (Figures 4P–T) decrease as   increases. Finally, increasing values of   produce a progressively more marked differentiation of the realized vegetation distributions, which nonetheless still display realistic hump-shaped patterns, much as the vegetation α-diversity (Figures 4K–O).

Variations in the logistic rate ki (HQF5 to HQF8 simulations series, Figure 5) significantly affect habitat quality functions and, as a consequence, both specific competitive ability δi fi(zj) and mortality rates µi (Figures 5A–E). However, the most marked changes in δi fi(zj) occur at elevations zj which are not commonly found within the studied marsh. Thus, the net effect of changing ki on the simulation results is generally not significant, both in terms of final vegetation distributions (Figures 5K–T) and vegetation evolution through time (Figures 5F–J). The only exception is represented by the HQF5 scenario, in which the low value of k1 reduces the competitive ability of Species 1 at levels lower than any other species across most of the marsh elevation distribution (Figure 5A). This leads to a more widespread presence and a more marked zonation of both Species 2 and 3 (Figures 5A, P) relative to all the other scenarios, including the REF simulation. Although all other simulations seem to suggest otherwise, the HQF5 run clearly demonstrates ki to be a key parameters for the model results. Therefore, rather than pointing to a reduced sensitivity of the model to changes in the logistic rates ki, our analyses suggest that simulation results depend not only on the specific parameters of habitat quality functions, and ratios thereof, but also on the elevation distributions of the computational domain.




Figure 5 | Effects of changes in the vegetation habitat quality functions (HQF series, varying logistic rate ki). Results of the reference simulation (REF, ki={90,90,90,90} m-1) are shown in the central column. The first and second columns report respectively the results of the HQF5 (ki={5,30,60,90} m-1) and HQF6 (ki={30,50,70,90} m-1) simulations, whereas the fourth and fifth columns show the results of the HQF7 (ki = {90,70,50,30} m-1) and HQF8 (ki={90,60,30,5} m-1) simulations, respectively. Each panel displays data derived from all the 20 numerical simulations performed for each scenario. Different colors denote different vegetation species, including bare soil, according to the legend shown in the lower-right panel. (A–E) Patterns of specific competitive ability δi fi(zj) (continuous lines, left y-axis) and mortality rate µi(zj) (dotted lines, right y-axis) as a function of local marsh elevation (zj). The gray area denotes the probability density estimates of marsh elevation within the computational domain. (F–J) Changes of percent vegetation cover over the whole simulation horizon. (K–O) Realized vegetation niches (left y-axis) and local species richness (i.e., α-diversity, right y-axis) as a function of marsh elevation at the end of the simulation horizon. Gray dots represent α-diversity point data with red lines showing the best quadratic fit to point data. (P–T) Empirical probability distributions of spatially-continuous vegetation patch areas are shown based on the exceedance probability for a given vegetation patch size.



The latter argument is further supported by the analyses of the ICA simulation series, in which we investigate the effect of changing interspecific competitive ability δi (Figure 6). By changing the baseline competitive ability of Species 1 (δ1=δMIN) relative to Species 4 (δ4= δMAX=1), and adjusting δi of all other species proportionally to the specific values of   based on δMAX-δMIN, we produced significant changes in the specific competitive abilities δfi(zj) for zj values that are widespread across our study site, without altering specific mortality (Figures 6A–E). These modifications have profound effects on the modelled vegetation distributions, as well as on the evolution of vegetation cover through time. In detail, progressively lower values of δMIN, corresponding to progressively larger differences in competitive ability relative to the REF scenario, lead to a progressive reduction in the area covered by Species 1 accompanied by an increase in the marsh areas occupied by all the other species (Figures 6F–I, L). Notably, Species 2 becomes dominant in the ICA3 and ICA4 scenarios despite ranking second-last in terms of maximum competitive ability. This is once again dictated by the distribution of topographic elevations characterizing our study marsh, which leads to Species 2 having the largest competitive ability for all elevations equal or lower than the average marsh elevation (Figures 6D, E). This favors the colonization of large portions of the marsh platform by a more generalist, less competitive species, which is in line with vegetation distributions typically observed in the field (Belluco et al., 2006; Wang et al., 2007; Bang et al., 2018; Yang et al., 2020b) (Figure 1F). Changes in the relative interspecific competitive ability also produce differences in the time τe required to reach dynamic equilibrium. Even though no clear trends emerge from our data, we highlight that τe is consistently shorter (<15 years) than in the REF simulation for all the analyzed ICA scenarios (Figures 6F–I, L). Analysis of patch size distribution suggests that vegetation zonation becomes more pronounced as the relative abundance of a given species increases, with the dominant species in terms of area cover typically displaying larger patches both in terms of average and maximum area size, in accordance with field data (see Figure 1F). Consistently with all the previous simulations, as well as with field data, realized vegetation niches and α-diversity plots exhibit hump-shaped patterns. Finally, we observe that larger differences in interspecific competitive abilities result in more differentiated vegetation realized niches, especially in terms of distribution peak magnitudes (Figures 6K–O).




Figure 6 | Effects of changes in the vegetation interspecific competitive ability (ICA series, varying δ1=δMIN). Results of the reference simulation (REF, δMIN = 1) are shown in the first column. Columns from second to fourth show results of the ICA1 (δMIN = 0.75), ICA2 (δMIN=0.50), ICA3 (δMIN=0.25), and ICA4 (δMIN=0.01) simulations, respectively. Each panel displays data derived from all the 20 numerical simulations performed for each scenario. Different colors denote different vegetation species, including bare soil, according to the legend shown in the lower-right panel. (A–E) Patterns of specific competitive ability δi fi(zj) (continuous lines, left y-axis) and mortality rate µi(zj) (dotted lines, right y-axis) as a function of local marsh elevation (zj).The gray area denotes the probability density estimates of marsh elevation within the computational domain. (F–J) Changes of percent vegetation cover over the whole simulation horizon. (K–O) Realized vegetation niches (left y-axis) and local species richness (i.e., α-diversity, right y-axis) as a function of marsh elevation at the end of the simulation horizon. Gray dots represent α-diversity point data with red lines showing the best quadratic fit to point data. (P–T) Empirical probability distributions of spatially-continuous vegetation patch areas are shown based on the exceedance probability for a given vegetation patch size.



Changes in vegetation base mortality rate µ0 appear to mostly affect the time required to reach dynamic equilibrium (τe), with smaller µ0 leading to longer τe (Supplementary Figure 2). However, if enough time is allowed for the system to reach equilibrium, no significant differences among distinct simulations are observed in terms of percent vegetation cover, realized vegetation distribution and α-diversity, and characteristic vegetation patch sizes (Suppementary Figure 2). Although our observations suggest µ0 to have reduced effects on the final vegetation distributions, provided that times longer than τe are ensured, we should stress how vegetation mortality represents a key parameter to model the long-term marsh ecomorphodynamic evolution under changing climate forcings, since µ0 dictates the characteristic timescale required by the marsh to respond to external perturbations (e.g., Brückner et al., 2019).

Changes in vegetation fertility rate φ have limited effects on the numerical simulation results (Supplementary Figure 3), the only appreciable difference being the appearance, for fertility rates one or two orders of magnitude lower than in the REF scenario, of patches of bare soil, which are however small in size and cover an extremely small portion of the computational domain (Supplementary Figure 3, VFR1 and VFR2 scenarios). Clearly, this is due to the fact that changes in fertility rate only affect the magnitude of specific colonization rate Cij while leaving the relative (i.e, interspecific) ratios (Ci,j/Ci+1,j) of these rates unaltered. Such a reduced sensitivity of the model to changing φ points to a much stronger control of both marsh-elevation distribution and habitat quality functions in determining patterns of vegetation zonation in mature marshes. Notwithstanding the importance of fertility in determining the initial encroachment of pioneer species in emerging salt marshes, field experiments indeed suggest that the availability of marsh area located at elevations potentially suitable for vegetation establishment and growth is a key driver for marsh ecological dynamics (e.g., Davy et al., 2011; Lõhmus et al., 2020; van Regteren et al., 2020).

Finally, changes in the size of the dispersal kernel, which were investigated by varying the characteristic dispersal length D (DKS series, Figure 7), generally have non-negligible effects on the observed vegetation distributions. Specifically, effects on realized vegetation distributions appear to be significant for values of D one order of magnitude different from the REF scenario (i.e., DKS1 and DKS4 simulations, Figures 7K, O). Increased dispersal abilities (i.e., larger values of D) result in progressively larger portions of the domain being colonized by Species 1, while the area occupied by all the other species decreases (Figures 7F–I, J). Nonetheless, larger D tend to produce a more pronounced clusterization of vegetation within continuous patches (Figures 7P–T), even though both the maximum and average patch size are mediated by the proportion of marsh area occupied by each species. Thus, the characteristic patch size of Species 2,3, and 4 is reduced in the DKS4 scenario as a result of the dominance of Species 1. The latter, which occupies more than 80% of the computational domain (Figure 7J), shows a significant increase in both maximum and average patch size relative to all other simulations (Figure 7T), thus supporting the hypothesis that enhanced dispersal abilities generally lead to more pronounced vegetation clustering.




Figure 7 | Effects of changes in dispersal kernel size (DKS series, characteristic dispersal length D is assumed to be species-independent). Results of the reference simulation (REF, D = 1 m) are shown in the central column. The first and second columns report respectively the results of the DKS1 (D=0.1 m) and DKS2 (D = 0.5 m) simulations, whereas the fourth and fifth columns show the results of the DKS3 (D = 1.5 m) and DKS4 (D=10 m) simulations, respectively. Each panel displays data derived from all the 20 numerical simulations performed for each scenario. Different colors denote different vegetation species, including bare soil, according to the legend shown in the lower-right panel. (A–E) Representation of the dispersal kernel illustrated in a square, 100m wide, idealized lattice domain. Log-values of the dispersal kernel κ are shown as a function of the euclidean distance d of each pixel from the pixel in the lower-left corner within the idealized lattice. (F–J, M) Changes of percent vegetation cover over the whole simulation horizon. (K–O) Realized vegetation niches (left y-axis) and local species richness (i.e., α-diversity, right y-axis) as a function of marsh elevation at the end of the simulation horizon. Gray dots represent α-diversity point data with red lines showing the best quadratic fit to point data. (P–T) Empirical probability distributions of spatially-continuous vegetation patch areas are shown based on the exceedance probability for a given vegetation patch size.



It is difficult to relate our modelling results to field vegetation dynamics, since knowledge about dispersal abilities of salt-marsh species is limited and dispersal by water especially understudied (Bakker et al., 1985; Wolters et al., 2008; Bullock et al., 2017; Lõhmus et al., 2020). This is mostly because measurements of vegetation dispersal in the field, though much needed, are time-consuming and therefore scarce, despite significant recent advances derived from genetic approaches (see Shao et al., 2021, and references therein). In spite of this, however, care should be given in interpreting numerical results obtained by imposing values of D equal to, or lower than, the resolution of the computational domain. Indeed, numerical errors in the computation of the dispersal kernel become larger as D approaches the pixel size. Our analyses show that for a domain resolution equal to 1 m, numerical errors lower than 1% are obtained for D>1.5 m. Even though errors remain lower than 5% for D>0.9 m, they increase exponentially as D decreases further, reaching values as high as 27% for D =0.5 m (DKS2 scenario).

Results of the sensitivity analysis are summarized in Figure 8, which shows, for each species and for all the investigated scenarios, the average percent cover at the end of numerical simulations plotted against the power-law exponent (β) of the exceedance probability of vegetation patch. The exponent β, computed by performing linear regression on log-transformed data, is used here as a proxy for the characteristic size of continuous vegetation patch, with larger β values denoting more pronounced zonation of vegetation species (see Figure 8).




Figure 8 | Summary of sensitivity analysis. For each scenario explored in the sensitivity analysis, the average percent cover at the end of the numerical simulation is plotted against the power-law exponent (β) of the exceedance probability of vegetation patch. Panel (A–D) show the results for virtual Species 1 to 4, respectively. Different symbols denote different simulation series, whereas different colors are used to differentiate between different scenarios within each simulation series, as indicated in the lower inset.



Overall, sensitivity analysis demonstrates that model outcomes vary smoothly as parameter values are changed, and that the model can reproduce realistic patterns of vegetation zonation across the marsh topographic gradients. Even a relatively simple model, in which species have elevation-dependent fitness and otherwise neutral traits, suffices in reproducing patterns of zonation qualitatively similar to those typically observed from field data. Since the model assumes theoretical niches described by habitat quality functions monotonically increasing with marsh elevation, our results provide proof of concepts that the upper limit of realized vegetation distributions in tidal marshes is set by spatially explicit mechanisms of interspecific competition and dispersal. Therefore, realized marsh vegetation distributions exhibiting enhanced productivity within a narrow elevation range (e.g., Silvestri and Marani, 2004; Morris et al., 2005) do not necessarily resemble the fundamental niches of individual marsh halophytes. This notion has important implications for the interpretation of observed vegetation patterns, as well as of vegetation-environmental stress relations.

Although realistic vegetation distributions are obtained for a wide range of model parameters, results are especially sensitive to changes in the parameters describing habitat quality and competitive abilities of individual species (HQF and ICA series, Figure 8), as well as the characteristic length of species dispersal (DKS series, Figure 8). In particular, larger differences in competitive abilities among species and larger dispersal lengths promote more pronounced vegetation zonation, with direct implications for relative species abundance. In contrast, changes in vegetation baseline mortality (BMR series) and fertility rate (VFR series) appear to only affect the speed at which vegetation reaches dynamic equilibrium conditions, with limited influence on the final vegetation distribution (Figure 8). These findings suggest that the proposed model can indeed be used to infer the underlying theoretical niches, based on the observed realized patterns.



3.2 Transplant Experiment

While sensitivity analysis demonstrates model ability to reproduce realistic vegetation distributions at equilibrium, results of transplant experiments clarify whether the model can predict vegetation dynamics in agreement with field observations.

Transplantation of Species 4 to lower marsh elevations proves unsuccessful regardless of whether interspecific competition is limited (TE1SOIL) or not (TE1COMP) (Figures 9A, B). The transplanted species dies almost instantaneously, and vegetation cover within the transplant plot returns to the pre-transplant condition, i.e. dominated by Species 1 and 2. Interestingly though, suppression of competition by manual removal of neighboring vegetation around the transplant plot (TE1SOIL scenario, Figure 9B) reduces the speed at which vegetation recovers to pre-transplant conditions compared to the scenario in which competition is not limited (TE1COMP, Figure 9A). This is dictated by the reduced colonization pressure exerted by neighbor vegetation when competition is limited, thus making vegetation dynamics within the transplant plot less dependent on vegetation distribution in neighboring sites. Our results agree qualitatively with the outcomes of field experiments, in which high-marsh species exhibit stunted growth and rapid mortality when transplanted to lower tidal elevations, irrespective of the fact that biotic competition is allowed or not (Bertness and Ellison, 1987; Bertness, 1991a; Bertness, 1991b). However, similar results can be obtained using the stochastic model (TE3COMP and TE3SOIL scenarios, Figures 9E, F), with the only difference that the results are not influenced in any way by limitations of competing neighbors. This is because interspecific competition is not treated in a spatially explicit way, as it only occurs as a function of the local marsh elevation. Therefore, in the stochastic model, vegetation distribution outside of the transplant plot does not influence the vegetation distribution inside of it.




Figure 9 | Results of transplant experiments of marsh halophytes outside their realized ecological niches (TE simulation series). Each panel shows changes in percent vegetation cover through time within a 20-by-20 m transplant plot. The first row displays results obtained using the numerical model proposed in the present study, whereas the second row reports results derived from a stochastic model that does not account for spatially- and density-dependent mechanisms of species competition and dispersal (see Section 2.2.2). Names of numerical simulations are reported above each panel. The subscript “COMP” denote simulations in which biotic competition from neighbor sites was allowed within the transplant plot, whereas the subscript “SOIL” indicates simulations in which competition was artificially impeded by systematically removing vegetation within a 5-meter-wide buffer layer around the transplant plot. (A, B) Transplant of Species 4 from upper to lower marsh portions using the spatially-explicit model; (C, D) Transplant of Species 1 from lower to upper marsh portions using the spatially-explicit model; (E, F) Transplant of Species 4 from upper to lower marsh portions using the stochastic model; (G, H) Transplant of Species 1 from lower to upper marsh portions using the stochastic model. Each simulation was repeated 20 times to filter out oscillations due to demographic stochasticity. Continuous lines represent average values of aggregated simulation results, with shaded areas denoting standard deviations. Squares on the y-axis show the percent vegetation cover prior to the transplant. Different colors denote different vegetation species according to the legend shown in panel (H). Percent cover of bare soil is deliberately not reported as it never accounted for more than 1% of the total transplant plot area.



If, on the one hand, these results suggest that our model does not necessarily perform better than previous, and perhaps less sophisticated, numerical frameworks in this case, on the other hand, the results obtained by transplanting Species 1 to upper marsh sites demonstrate otherwise. Being characterized by high habitat quality at high marsh elevations, Species 1 thrives on short timescales within the transplant plot, although in the long term the pre-transplant dynamic equilibrium is eventually reestablished over timescales that clearly depend on the level of interspecific competition, as well as on vegetation mortality and fertility. Specifically, when competition around the transplant plot is allowed, Species 1 is quickly outcompeted by Species 3 and 4, which are characterized by better competitive ability at higher marsh elevations (TE2COMP, Figure 9C). Although it takes nearly 8 years to return to values of percent vegetation cover similar to the pre-experiment conditions, Species 1 undergoes a relatively fast decay, as it ceases to be the dominant species within the transplant plot in less than 4 years (Figure 9C). Conversely, if competition is artificially limited (TE2SOIL, Figure 9D), performances decrease much more slowly, and Species 1 dominates the transplant plot 9 years after the transplant (Figure 9D). After that, Species 3 becomes dominant, but Species 1 still occupies about 25% of the plot area compared to less than 5% in the pre-transplant conditions. These results, which are in qualitative agreement with ecological manipulation field experiments, are not matched by the stochastic model (Figures 9G, H). In the latter, for the TE4SOIL and TE4COMP scenarios, the performances of Species 1 decrease rapidly and percent vegetation cover returns to the pre-transplant conditions in less than 2 years, regardless of whether competition from neighbor species is removed or not (Figures 9G, H).

One should appreciate that the observed slow, yet steady decline in Species 1 coverage in the TE2SOIL scenario does not contrast with experimental results suggesting that performances of low-marsh species do not decline significantly through time (e.g., Bertness and Ellison, 1987; Bertness, 1991a; Bertness, 1991b). Indeed, the duration of most field experiments does not exceed 2 years, and the rate of performance decay can vary according to both the elevation distribution within the transplant plot and, more importantly, the values of model parameters adopted in the simulations. The latter should be calibrated based on field data obtained for specific study cases of interest, which is beyond the scope of the present work.

Ultimately, replication of vegetation transplant experiments demonstrates that spatially explicit treatments of biotic interactions make our model comparatively better suited than traditional stochastic models to reproduce spatial dynamics of halophytes in tidal marshes.




4 Model Limitations and Future Developments

Limitations in the proposed modelling framework need to be recalled.

First, most of the underlying assumptions are derived from the study of perennial halophytes in mature salt marshes. Hence, care should be given when utilizing this model for the study of initial plant establishment in juvenile marsh communities (Hu et al., 2015; Balke et al., 2017; Lõhmus et al., 2020). If, on the one hand, our model synthetizes mechanisms of species dispersal, which are recognized as the main drivers for vegetation evolution in well-developed marsh ecotones (Bertness and Ellison, 1987; Ellison, 1987; Chang et al., 2007; Lõhmus et al., 2020), on the other hand, it does not necessarily properly reproduce the initial establishment of pioneer annual halophytes. This is because the process of initial vegetation encroachment on a bare tidal flat depends on a number of factors, including specific seedling strategies, windows of opportunity for rooting, presence of microbenthic species that stabilize soil and facilitate vegetation establishment, and many physical environmental stresses such as waves, rainfalls, and tidal currents that critically mediate habitat quality, especially when vegetation is sparse (Craft, 2000; Temmerman et al., 2007; Friess et al., 2012; Hu et al., 2015; Brückner et al., 2019; van Regteren et al., 2020). Thus, the relative importance of dispersal vs. establishment mechanisms in emerging marshes needs additional effort to be properly described in the model. This shortcoming is also in part due to the lack of field data that would allow one to disentangle dispersal and establishment functions (e.g., Lõhmus et al., 2020). The collection of field data is however challenging due to the many factors involved. Besides, measuring dispersal is notoriously difficult and resource-consuming (Bullock et al., 2006).

Second, our model assumes physical stresses to be inversely proportional to the local marsh elevation. In marshes that are irregularly flooded, however, this paradigm may not apply because there may not be a consistent gradient in physical stresses across the marsh (Costa et al., 2003; Pennings et al., 2005). While the general mechanisms producing zonation patterns of vegetation in coastal salt marshes may be universal (Grime, 1977; Grace and Wetzel, 1981; Keddy, 1989; Pennings and Bertness, 2001), the importance of particular physical stresses is likely to vary geographically (Pennings et al., 2005). Particularly, salinity stress probably plays a much more important role in mediating plant zonation patterns at lower latitudes, as testified by the presence, in low-latitude marshes, of unvegetated salt pans that occur where soil salinities exceed levels that plants can tolerate (Pennings and Bertness, 1999; Pennings and Bertness, 2001; Pennings and He, 2021). In contrast, unvegetated areas in mid- and high-latitude marshes typically result from disturbance or waterlogging, rather than from high salinities (Pennings and Bertness, 2001; Mariotti et al., 2020). (Pennings and Bertness, 2001). Hence, ecological interactions are likely to vary with latitude due to different temperatures and evapotranspiration dynamics, and specific habitat quality functions need to be adapted accordingly. Therefore, fundamental vegetation niches are site-specific and need to be calibrated as such.

Third, in addition to salinity, many other abiotic and biotic factors can potentially modify habitat quality and should therefore be considered (Pennings and Bertness, 2001; Pennings and He, 2021). Biotic factors are mostly related to the feeding and grazing activities of domestic and wild fauna. Feeding on plant rhizomes by for example geese, sheep, nutria, and wild boar, as well as burrowing by crabs, can heavily disturb the upper layer of marsh soil, limit marsh vertical accretion, and reduce large areas of vegetation to bare mud (Wiegert and Freeman, 1990; Ungar, 1998; Perillo and Iribarne, 2003; Wolters et al., 2005; Xin et al., 2009). Abiotic factors include the burial of vegetation by rafts of floating wrack, fires, ice disturbance in high-latitude marshes, and hydrodynamic stresses due to tidal currents and wind waves. Waves in particular can actively modify sediment transport processes and the morphodynamics of exposed marsh margins (Wang et al., 2017; Evans et al., 2019; Finotello et al., 2020; Tognin et al., 2021). This can create potential hotspots for biodiversity (Elsey-Quirk et al., 2019) and determine changes in vegetation distribution according to the ability of individual species to tolerate such stresses, which in turn depends on the specific vegetation traits (Leonard and Croft, 2006; Van Wesenbeeck et al., 2008; Schoutens et al., 2020; D’Alpaos et al., 2021; Schulte Ostermann et al., 2021). On the one hand, some of the abiotic factors, especially the hydrodynamic ones, could be included rather easily in the model, for example by weighting the habitat quality based on stresses calculated from hydrodynamic models or, alternatively, as a function of the distance of each site from marsh edges exposed to the action of waves and currents (see for example Gourgue et al., 2021a; Kalra et al., 2021). On the other hand, however, most of the biotic factors affecting vegetation dynamics are difficult to conceptualize, as they depend on the community ecology of marsh fauna (Gaskins et al., 2020; Burdick et al., 2021; Pennings and He, 2021).

Another important environmental factor we have not so far considered is the level of nutrients, which is also related to climate changes and anthropogenic pressures on salt marshes (Ratliff et al., 2015; Newton et al., 2020; Hughes et al., 2021). Since salt marshes are nitrogen-poor, yet very productive environments, they are potentially much sensitive to changes in nutrient availability (Valiela and Teal, 1974; Pennings et al., 2002; Muench and Elsey-Quirk, 2019; Carmona et al., 2021; Giblin et al., 2021) In fact, eutrophication may have marked effects on marsh plant community structure by shifting the competitive balance among plants and consequently altering the zonation and species composition of plant communities (Levine et al., 1998). Field experiments demonstrated that there exists a nutrient-dependent competitive hierarchy, with competitive outcomes being typically reversed when nutrients were abundant as better stress tolerators become dominant competitors (Emery et al., 2001). This is because competition for resources occurs primarily belowground under normal marsh conditions, but shifts to aboveground at enhanced high nutrient levels. Clearly, such dynamics cannot be currently predicted by our model of plant competition and dispersal, and should therefore be considered in the future.

Finally, our model does not explicitly account for facilitation mechanisms among plant species wherein neighbors can potentially buffer one another from physical stresses and mutually ameliorate their habitat quality (Bertness, 1991a; Bertness and Shumway, 1993; Castellanos et al., 1994; Bruno et al., 2017). The outcome of competition can be more complex than described in our model when facilitative mechanisms operate, potentially modifying the species’ realized distributions dynamically (Bertness and Ewanchuk, 2002). Conceptualization of these mechanisms would require spatially explicit quantification of physical stresses, the latter being critical in mediating facilitative interactions. Nonetheless, many ecologists have suggested that while facilitation is common in secondary succession under harsh physical conditions, competition dominates vegetation dynamics under benign physical conditions, for which our model can therefore be considered reliable (see Pennings and He, 2021).

Despite the above-mentioned limitations, the model proposed in this study marks a significant step forward in the way salt-marsh ecological dynamics are modelled compared to earlier studies. In particular, spatially explicit treatments of vegetation dynamics can contribute to better understanding the effects of biotic processes that cannot be captured by 0D and 1D models, such as vegetation migration due to geomorphological displacement (Morris et al., 2002; Morris, 2006).

Our model can be coupled with virtually any hydro-morphodynamic model to simulate the intertwined evolution of marsh halophytes and topographic gradients under varying rates of relative sea-level rise and sediment supply. If the models employ different types of grids or spatial resolutions, the coupling can also be performed using subgrid schemes together with appropriate multiscale coupling techniques (e.g., Gourgue et al., 2021a; Gourgue et al., 2021b; Kalra et al., 2021). The evolution of marsh topography at each site will be obtained by a combined geomorphological balance between erosion and sedimentation, computed by the morphodynamic model, and organic production by halophytic vegetation, calculated by the vegetation model. The latter depends on biomass production, which can be expressed proportionally to habitat quality. Vegetation biomass can also influence abiotic morphodynamic processes by increasing the critical shear stress for erosion and promoting the capture of suspended sediments (D’Alpaos et al., 2007). Because biotic processes are typically slower than geomorphological ones, separate integration time scales can be adopted; for example, an hourly scale for geomorphological processes and a monthly or annual scale for ecological interaction processes. The model can be forced through a sequence of tides until it reaches a pseudo-stationary state where sedimentation and erosion and associated mean sea rise balance each other out.

Such an ecomorphodynamic model would improve our ability to model salt-marsh evolution numerically and allow for cost-effective ecological community-level studies, providing useful insights on the ecomorphodynamics of marsh landscapes that are of interest to the whole community of coastal scientists and managers.



5 Conclusions

We presented an innovative numerical model aimed to simulate the dynamics of salt-marsh vegetation. Different from previous models, we accounted for spatially explicit mechanisms of interspecific competition and dispersal and assumed species performances to monotonically increase with marsh elevation in accordance with field observations.

We demonstrated that the model is capable of reproducing patterns of vegetation zonation and ecological dynamics by all means similar to those observed from field data and experiments. Numerical simulations aimed to simulate the transplant of vegetation species outside their optimum (realized) niches showed that our model can successfully reproduce the outcomes of classic field ecological experiments. Since a comparison proved that different models fail in reproducing such dynamics, this result has to be interpreted as a direct consequence of both the unique habitat quality functions and the novel spatial treatments of vegetation competition and dispersal we adopted. Besides, our numerical results support the idea that realized vegetation distributions in which a given species exhibits large productivity within a narrow elevation range do not reflect species fundamental niches. Rather, they arise directly from mechanisms of interspecific competition and dispersal.

Sensitivity analyses suggest that the model is especially sensitive to changes in specific habitat quality functions and competitive ability, even though the relative importance of each model parameter is critically mediated by the distribution of marsh topographic gradients relative to the competitive ability of the considered virtual species assemblage. Therefore, although both the conceptualization and results of our model are consistent with general paradigms about zonation and dynamics of marsh plants, we suggest that the nature of ecological interactions is likely to vary geographically because of variations in the physical environment, and these variations must be taken into account in order to successfully apply our model to study marsh evolution across different geographical scales and vegetation communities.

Our model can be easily coupled with any hydro-morphodynamic model to simulate the intertwined, dynamic evolution of salt marsh vegetation and topography under changing external forcings. Moreover, by using the model in an inverse fashion, one could also infer the underlying theoretical niches based on a comparison between the modelled and observed vegetation distributions.
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