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ABSTRACT 41 

1. Species abundance distributions (SADs) are one of the most widely used tools in 42 

macroecology, and it has become increasingly apparent that many empirical SADs can best 43 

be described as multimodal. However, only a few SAD models have been extended to 44 

incorporate multiple modes and no software packages are available to fit multimodal SAD 45 

models. In this study, we present an extension of the gambin SAD model to multimodal 46 

SADs. 47 

2. We derive the maximum likelihood equations for fitting the bimodal gambin distribution 48 

and generalise this approach to fit gambin models with any number of modes. We present 49 

these new functions, along with additional functions to aid in the analysis of multimodal 50 

SADs, within an updated R package (‘gambin’; version 2.4.0) that enables the fitting, plotting 51 

and evaluating of gambin models with any number of modes. 52 

3. We use a mixture of simulations and empirical datasets to test our new models, including 53 

tests of the sensitivity of the model parameters to the number of individuals and the number 54 

of species in a sample. We show that the new multimodal gambin models perform well under 55 

a variety of circumstances, and that the application of these new models to empirical SAD 56 

and other macroecological (e.g. species range size distributions) datasets can provide 57 

interesting insights. The updated software package is simple to use and provides 58 

straightforward yet flexible statistical analyses of multimodality in SAD-type datasets.  59 

 60 

INTRODUCTION 61 

The species abundance distribution (SAD) has been a core focus of macroecology for over 62 

eighty years (e.g. Fisher, Corbet & Williams 1943), and is currently the subject of widespread 63 

renewed interest (McGill et al., 2007; Alonso, Etienne & Ostling 2008; Arellano et al., 2017). 64 

Recently, it has been argued that a gamma-binomial (herein ‘gambin’) distribution represents 65 

a useful SAD model (Ugland et al., 2007). Gambin is a stochastic unimodal model that 66 

combines the gamma distribution, in which the scale parameter is fixed at 1, with a binomial 67 

sampling method (see Ugland et al., 2007 for a full description of the model). The use of the 68 



gamma distribution as the basis of the model provides gambin with substantial flexibility and 69 

tests of the gambin model have found that it generally provides a good fit to a wide range of 70 

empirical SAD data, typically out-performing other candidate SAD models (Ugland et al., 71 

2007; Matthews et al., 2014), such as the Poisson lognormal (PLN; Bulmer, 1974) and 72 

logseries models (Fisher et al., 1943). The model can also be used with continuous data, and 73 

thus extend the analysis of SADs to different measures of abundances (e.g. biomass). The 74 

unimodal gambin model has a free parameter () that determines the shape of the 75 

distribution. Low values of  indicate logseries curve shapes, whilst higher  values indicate 76 

more lognormal-like curve shapes. Thus,  is an intuitive parameter that has been found to be 77 

of use in comparing the SAD of different ecological communities, e.g. disturbed and 78 

undisturbed communities, and for testing what variables drive changes in the shape of the 79 

SAD along ecological gradients (Dornelas, Soykan & Ugland 2011; Matthews & Whittaker, 80 

2015; Arellano et al., 2017; Matthews, Borges, de Azevedo & Whittaker 2017). Due to the 81 

way the statistical model is defined, gambin can only be fitted to data binned into octaves e.g. 82 

classes of log2 transformed abundance data, with octave 0 containing the number of species 83 

with 1 individual, octave 1 the number of species with 2 or 3 individuals, and so on. 84 

It has become increasingly apparent that many empirical SADs can best be described as 85 

multimodal (Dornelas & Connolly, 2008; Vergnon, van Nes & Scheffer 2012; Antão, 86 

Connolly, Magurran, Soares & Dornelas 2017). For example, Antão et al. (2017) found that 87 

between 15% and 22% of the 117 empirical SAD datasets they evaluated showed evidence of 88 

multimodality, depending on the model selection tools used. Multimodality may be indicative 89 

of particular process regimes (Matthews, Whittaker & Borges 2014) or be due to a 90 

combination of different types of species (e.g. trophic groups) in a sample, and its detection 91 

may also be relevant to, for example, tests of the theory of emergent neutrality (Vergnon et 92 

al., 2012). Hence, describing and testing for multimodality is a priority in SAD research 93 

(Antão et al., 2017). To date, few SAD models have been extended to incorporate multiple 94 

modes (for the PLN see Dornelas & Connolly, 2008), in part because compound probability 95 

distribution models are mathematically and computationally complex. Hence the need for an 96 

easy-to-use software package permitting straightforward statistical analysis of multimodality 97 

in SAD datasets. We set out to provide a multimodal extension of gambin because the 98 

gambin model is relatively simple and it would allow comparison of the fit of unimodal and 99 

multimodal models analytically using standard statistical methods.  100 

First, we derive the maximum likelihood equations for fitting gambin models with any 101 

number (g) of components and incorporate these new functions, along with additional 102 

functions to aid in the analysis of multimodal SADs, within an updated version of the R 103 

package gambin (version 2.4.0). Second, we use a mixture of simulations and empirical 104 

datasets to test the new models, providing examples of the updated package in operation.  105 

 106 

MULTIMODAL GAMBIN DISTRIBUTIONS AND THE GAMBIN R PACKAGE 107 

(VERSION 2.4.0)  108 



The full derivation of the likelihood functions for multimodal gambin models is provided in 109 

Appendix S1 (Supplementary Information). In version 2.4.0 of the gambin R package, the 110 

one-component gambin model is taken to have two parameters: the shape parameter (and 111 

the max octave. It should be noted that this differs from previous implementations of the 112 

model (e.g. Matthews et al., 2014) that only considered there to be a single parameter 113 

(The two-component gambin model is simply the mixture of two gambin distributions. To 114 

allow for the subdivision of all of the observed objects (species in the context of SADs) 115 

(yobs), a parameter (w1) is needed that describes the fraction of objects belonging to the first 116 

distribution (wi is analogous to the ρ parameter in the multimodal PLN context). The fraction 117 

of objects belonging to the second component (w2) is 1 - w1. Thus, the expected number of 118 

observed objects is split into two components, consisting of w1* yobs and w2* yobs  objects, 119 

respectively. Thus, yobs = (w1 * yobs) + (w2 * yobs). With no extra information, we may 120 

therefore assume that the number of objects in the k-th interval (k = 1, 2, ..., i) are w1 * yk and 121 

w2 * yk. Thus, the likelihood function for a bimodal gambin model contains five parameters: 122 

the shape parameters for the first and second component (1 & 2), the max octaves for the 123 

first (noct1) and second (noct2) components, and one splitting parameter (w1) representing the 124 

fraction of objects in the first component. Note that this is the same number of parameters in 125 

the bimodal PLN model; it is simply that the parameters represent different aspects of the 126 

distribution in each case. It is relatively straightforward to extend the above approach for 127 

fitting the two-component gambin model by maximum likelihood, to fitting gambin models 128 

with g components (where components correspond to the number of modes; see Appendix 129 

S1). However, whilst it is possible to use the equations given in Appendix S1 to fit gambin 130 

distributions with any number of components, in practice fitting SAD models with more than 131 

three (possibly even two depending on sample size) components will likely result in 132 

overfitting the data. Sample sizes in ecological studies are generally relatively small, and the 133 

number of parameters becomes large with increasing g (Dornelas & Connolly, 2008). Thus, 134 

optimising the likelihood functions becomes increasingly problematic at larger g; ecological 135 

interpretation of model fits with large numbers of components is also problematic. 136 

Accordingly, we do not advise fitting gambin models with more than three components.  137 

In addition to providing functions to fit multimodal gambin distributions (described below), 138 

the gambin R package (version 2.4.0; available on CRAN) has been updated to bring it more 139 

in line with other distribution functions within the R base ‘stats’ package. For example, the 140 

updated gambin package now provides dgambin (probability density function), rgambin 141 

(generate random values from a gambin distribution; the returned values relate to a given 142 

octave), qgambin (quantile function) and pgambin (cumulative distribution function) 143 

functions. Likelihood optimisation is undertaken using the Nelder–Mead algorithm. As the 144 

likelihood optimisation procedure for multimodal gambin models can be time consuming, the 145 

updated package provides the option of using parallel processing to speed up optimisation. 146 

The gambin R package documentation and associated vignette provide additional 147 

information.  148 

The main function within the package is ‘fit_abundances’: 149 



#this fits a gambin distribution with g modes to a vector of abundances, 150 
#with the option of subsampling z individuals. If g is set to 1, the 151 
#standard unimodal gambin distribution is fitted, g = 2 fits the bimodal 152 
#gambin distribution, and so on. When the no_of_components argument is 153 
#greater than 1, the ‘cores’ argument can be used to enable parallel 154 
#processing using d cores. 155 

fit_abundances(data, subsample = z, no_of_components = g, cores = d)  156 

A primary argument for the prevalence of multimodal SADs in nature is the idea that the 157 

different modes represent different categories of species (e.g. native and invasive species, or 158 

core and satellite species; Magurran & Henderson 2003; Matthews & Whittaker 2015). A 159 

natural next step then is to deconstruct the SAD by visualizing and analysing how different 160 

categories of species are distributed across the various modes / modal octaves. This is 161 

performed with the new function ‘deconstruct_modes’. If species category information is 162 

provided (e.g. native or invasive), the function returns the number and proportion of the 163 

various categories in the different modal octaves (a split barplot where the bar for each octave 164 

is split according to the number of species in each category can also be returned). Subsequent 165 

statistical test (e.g. 2 or G-test) and/or null model tests can then be undertaken to determine 166 

whether the number of species representing the different categories significantly differs 167 

between octaves. If species category information is not available, the function will simply 168 

identify the modal octaves (i.e. the modal octave of each component distribution) in a 169 

multimodal gambin model fit (user-specified modal octaves can instead be provided), and 170 

also lists the names of the species within each octave (a plot of the model fit with the modal 171 

octaves highlighted can also be returned). 172 

#Fit the bimodal gambin model to SAD data 173 

fit <- fit_abundances(data, no_of_components = 2)  174 

#Deconstruct the model fit and calculate the number of species of 175 
#different categories (categ) in each of the modal octaves (peak_val is 176 
#set to ‘NULL’ and thus the modal octaves are calculated from the model 177 
#fit). Return a plot of the model fit with the modal octaves highlighted 178 
#(plot_modes = TRUE) and run the null model bootstrap sampling with 100 (n 179 
#= 100) random draws. 180 

deconstruct_modes(fit, dat = data, peak_val = NULL, categ = “status”, 181 
plot_modes = TRUE, n = 100) 182 

One of the main applications of the gambin model has been to fit gambin to SADs from 183 

different sites (e.g. along a disturbance gradient) and then to compare the resultant alpha 184 

values (e.g. Dornelas, Soykan & Ugland 2011; Arellano et al., 2017). Thus, we have also 185 

added a function that fits the unimodal gambin model to the SADs from multiple sites and 186 

returns the standardised and unstandardised alpha values. 187 

#Fit the unimodal gambin model to the SADs from multiple sites (mult) and 188 
#return the standardised (based on N subsamples of size ‘subsample’; NULL 189 
# = the number of individuals in the site with the fewest individuals) and 190 
#unstandardised alpha values 191 

mult_abundances(mult, N = 100, subsample = NULL)  192 

 193 



EXAMPLES USING EMPIRICAL DATASETS  194 

A Brazilian horse fly dataset 195 

To illustrate the new functionality, we used an empirical dataset comprising abundance 196 

records of horse flies (Diptera, Tabanidae) from a variety of sampling locations in Brazil (see 197 

Appendix S2 in the Supplementary Information). As outlined above, multimodal SADs may 198 

hypothetically arise from the intersection in nature of samples from different habitat types or 199 

of different ecological species groups (Magurran & Henderson, 2003; Antão et al., 2017) 200 

within a dataset. To test this proposition, we first fitted the unimodal, bimodal and trimodal 201 

versions of gambin to the whole Brazilian dataset. We then took a subset of the dataset 202 

relating to one individual locality within Brazil and one type of sampling (see Appendix S2) 203 

and again fitted the three models. In both cases the three models were compared using the 204 

Bayesian information criterion (BIC): 205 

#load the fly datasets 206 

data(fly) 207 

Brazil <- fly[[1]]#select the data for all of Brazil 208 

Site <- fly[[2]]#select the data for a single site within Brazil 209 

#Fit the multimodal gambin models to a given dataset (Brazil or site) 210 

res1 <- lapply(c(1, 2, 3), fit_abundances, abundances = Brazil, subsample 211 
= 0, cores = 3) 212 

#calculate and compare the BIC value of the fitted models 213 
 214 
vapply(res1, BIC, FUN.VALUE = numeric(1)) 215 

#plot the empirical SADs 216 

barplot.gambin(res1[[1]]) 217 
points.gambin (res1[[1]], pch = 17, col = "black") #add the fitted values 218 
points.gambin (res1[[2]], pch = 16, col = "blue") 219 
points.gambin (res1[[3]], pch = 18, col = "green") 220 
 221 

When the three models were fitted to the whole Brazilian horse fly dataset (Fig. 1a), the 222 

bimodal gambin model provided the best fit to the data (BIC = 830.4), followed by the 223 

unimodal model (BIC = 832.5) and the trimodal model (BIC = 837.6). When the three 224 

models were fitted to the subset of data from a single site (Fig. 1b), the unimodal model 225 

provided the best fit (BIC = 236.2), followed by the bimodal model (BIC = 239.9) and the 226 

trimodal model (BIC = 246.5). Thus, whilst the data from a single site are characterised by a 227 

classical unimodal SAD, when pooling records from different localities across Brazil, the 228 

bimodal model was favoured. These findings provide additional support for the claim that 229 

multimodal SADs are more prevalent with increasing taxonomic breadth, sampling variation, 230 

spatial extent (i.e. increasing ecological heterogeneity; Antão et al., 2017), and heterogeneity 231 

in species detectability (Alonso et al. 2008). 232 

A set of 275 woody plant SADs  233 



We took the set of 843 angiosperm woody plant datasets sourced from the literature by 234 

Kubota et al. (2018). Each dataset represents an abundance vector of plant species sampled in 235 

a forest plot and the datasets have a global distribution. We filtered out datasets with <10 236 

species and <500 individuals. We then fitted the unimodal and bimodal gambin models to the 237 

resulting 275 datasets and compared the fits using BIC. The bimodal model was considered 238 

as the best fitting model if it had the lowest BIC value and the unimodal model had a ΔBIC 239 

value of >2.0 (a lower value indicates the models have similar support, in which case the 240 

unimodal model should be preferred on grounds of parsimony).  241 

The bimodal model provided the best fit to 51 of the 275 datasets (19%; see Appendix S3 for 242 

the full model comparison results). 243 

Application to other macroecological phenomena 244 

Whilst gambin models have so far only been used to analyse SADs, it is possible to fit them 245 

to any other type of ecological or general distribution. For example, there is evidence that 246 

some species-range size distributions may exhibit multimodality (e.g. see Gaston, 2003, p. 247 

80). As an illustration, we fitted a selection of gambin models to the global range size 248 

distribution of 167 marine mammal species, and the occupancy distribution of intestinal 249 

helminths in three species of grebe; we observe evidence of multimodality in both 250 

distributions. The full methods and resultant model fits are provided in Appendix S3. 251 

SIMULATION ANALYSES 252 

The results of our simulations indicated that in general the  parameter estimates of the 253 

bimodal gambin model were relatively insensitive to the number of species in the sample 254 

(Figure S2, Appendix S4).  255 

In contrast, it was found that the  parameter estimates of the bimodal gambin model were 256 

sensitive to the number of individuals in a sample (Figs S3 and S4, Appendix S4). The latter 257 

is true of most SAD models (see McGill, 2011) and is worrying given that SAD analyses 258 

typically involve small datasets. While this sensitivity is problematic for unimodal gambin, it 259 

is less of an issue for applications of the bimodal model. With the unimodal gambin model, 260 

the  value can be used as a type of diversity metric to compare SAD shape across 261 

communities (e.g. Arellano et al., 2017). However, for multimodal gambin models the 262 

meaning of the  values is not as clear, and as such, when fitting multimodal gambin models 263 

we do not advise using the  parameter estimates as diversity metrics or as response variables 264 

in regression-type comparative analyses. Rather, the benefit of multimodal gambin models is 265 

to provide a simple, quick and easy to use test for determining whether empirical SADs are 266 

multimodal, and to provide a basis for subsequent deconstruction analysis to examine the 267 

identities of species within the octaves. 268 

To test the error rate of our models, we simulated unimodal and bimodal gambin SADs using 269 

multiple simulations varying the numbers of individuals and species (Appendix S4), fitting 270 

both unimodal and bimodal gambin models to the simulated data. We compared models using 271 

BIC and calculated the proportion of times that a bimodal model provides a better fit than a 272 



unimodal model to a unimodal dataset (i.e. false positive) and the proportion of times a 273 

unimodal model provides a better fit than a bimodal model to a multimodal dataset (i.e. false 274 

negative). When a unimodal gambin distribution was simulated, the error rate (false positive) 275 

was roughly 7.0% (see Appendix S4). When a bimodal gambin distribution was simulated, 276 

the mean error rate depended on the sample size and the difference between the 1 and 2 277 

values in the simulated data (Fig. 2). When the difference between 1 and 2 was relatively 278 

large, the error rate was very low (e.g. 0%) regardless of the number of species in the sample. 279 

In contrast, when the difference between the 1 and 2 values was very small, the error rate 280 

was high (e.g. 81%) regardless of the number of species. The fact that the error rate increases 281 

as the components become closer together (Fig. 2) is to be expected, as the underlying sample 282 

distribution starts to resemble a unimodal distribution. As most empirical multimodal SADs 283 

have distinct rarer and more common species modes, this is not a substantive issue. The 284 

approach can be considered conservative in that the model comparison test is slightly biased 285 

towards selecting the unimodal model over the multimodal model. 286 

A full outline of the methodology, results and discussion for each of the simulations, along 287 

with a more detailed discussion, is provided in Appendix S4 in the Supplementary 288 

Information. All analyses were undertaken in R (version 3.4.3; R Core Team, 2017). 289 

CONCLUDING REMARKS 290 

In this paper, we have derived the maximum likelihood equations for gambin models with 291 

multiple components and integrated these functions into an updated version of the ‘gambin’ 292 

R package available on CRAN. Due to the relatively simple underlying mathematics and 293 

binning procedure, the models are easy to fit and the maximum likelihood estimation 294 

procedure does not require the user to vary the starting parameter values or the optimisation 295 

algorithm employed. Hence, multimodal gambin models represent a novel, easily applied test 296 

for determining whether SADs or certain other macroecological datasets exhibit 297 

multimodality. We have also provided a number of additional functions to aid in the analysis 298 

of multimodal SADs. 299 

As Antão et al. (2017, p. 203) state, “multimodality occurs with a prevalence that warrants its 300 

systematic consideration when assessing SAD shape and emphasizes the need for 301 

macroecological theories to include multimodality in the range of SADs they predict.” The 302 

development of multimodal gambin models provides one tool to undertake these types of 303 

analyses. Application of these new models to additional datasets will likely be revealing and 304 

will help in improving our understanding of multimodality in SADs and possibly in other 305 

macroecological data forms.  306 
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FIGURES 402 

 403 

 404 

  405 

FIGURE 1 The fit of the unimodal (blue circles), bimodal (red triangles) and trimodal (black 406 

diamonds) gambin models to two horse fly species abundance distribution datasets (black 407 

bars) from Brazil. (a) horse fly data from 33 localities across Brazil (number of unique 408 

species = 164; total number of individuals = 78,755), and (b) data from one individual 409 

locality and one type of sampling (number of unique species = 58; total number of 410 

individuals = 1943; see Appendix S3). In (a) the bimodal model provides the best fit 411 

according to BIC, whilst the unimodal model provided the best to (b). 412 

 413 
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 415 

 416 

 417 

 418 

 419 
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 421 



 422 

FIGURE 2 The multimodal SAD error rate (expressed as a percentage) for an information 423 

theoretic model comparison test. For the test, a bimodal SAD was simulated, with one  424 

parameter fixed at 0.5 and the second (2) set to vary between 2 and 10 in units of 1. The 425 

number of species (sample size) was set to: 50, 100, 200, 500. The unimodal and bimodal 426 

gambin models were then fitted to this simulated SAD and the best model fit determined 427 

using BIC. The error rate percentage relates to the proportion of times the unimodal model 428 

provided a better fit than the bimodal model (i.e. a higher error rate percentage indicates that 429 

the unimodal model erroneously provided a better fit to the bimodal SAD).  430 
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Appendix S1: Derivation of the likelihood functions for multimodal gambin models 438 

As outlined in the main paper, the two-component gambin model is simply the mixture of 439 

two gambin distributions. In order to allow for the subdivision of all of the observed objects 440 

(species in the context of SADs) (yobs), a parameter (w1) is needed that describes the fraction 441 

of objects belonging to the first distribution (wi is analogous to the ρ parameter in the 442 

multimodal PLN context). The fraction of objects belonging to the second component (w2) is 443 

1 - w1. Thus, the expected number of observed objects is split into two components, 444 

consisting of w1* yobs and w2* yobs  objects, respectively. Thus, yobs = (w1 * yobs) + (w2 * yobs). 445 

With no extra information, we may therefore assume that the number of objects in the k-th 446 

interval (k = 1, 2, ..., i) are w1 * yk and w2 * yk.  447 

At present, the gambin distribution can only be fitted to data binned into octaves, and the 448 

binning process used follows that used in previous gambin papers, whereby octave 0 contains 449 

the number of species with 1 individual, octave 1 the number of species with 2 or 3 450 

individuals, and so on.  451 

The likelihood function for the two-component gambin distribution can then be derived as 452 

follows. Following Ugland et al. (2007), for a standard one-component gambin model, we fix 453 

the scale parameter of a gamma distribution to 1, and the 99% point for is defined as the 454 

number c1(that covers an area of 0.99: 455 

 457 

∫
1

Γ(α)

𝑐1(𝛼)

0
 𝑥𝛼−1𝑒−𝑥𝑑𝑥 = 0.99  456 

   458 

The interval is subdivided between 0 and c1(into 100 equal sub-intervals: (k / 100) * c1( 459 

for k = 1, …, 100. The frequencies of the relative successes will be arranged according to: 460 

𝑃 (
𝑘−1

100
< Rel. success <

𝑘

100
) =  [𝐺𝛼,1 (

𝑘

100
𝑐1(𝛼)) −  𝐺𝛼,1 (

𝑘− 1

100
𝑐1(𝛼)) ] =  𝛿𝑘,𝛼 (1) 461 

where G is the gamma distribution function. The probability of observing a species in octave 462 

s is: 463 

𝑃𝑟(𝑆 = 𝑠|α, 𝑛𝑜𝑐𝑡) =  ∑ 𝛿𝑗,𝛼
100
𝑗=1 (𝑁

𝑠
)𝑝𝑗

𝑠(1 −  𝑝𝑗)𝑁−𝑠 (2) 464 



where noct = the number of octaves, N = noct – 1, and pj = j / 100.  465 

 466 

Hence the two-component gambin model is given by: 467 

𝑃𝑟(𝑆 = 𝑠|α1, α2,𝑛𝑜𝑐𝑡,1,𝑛𝑜𝑐𝑡,2,𝑤1) =  ∑ 𝑤1𝛿𝑗,𝛼1

100
𝑗=1 (𝑁1

𝑠
)𝑝𝑗

𝑠(1 −  𝑝𝑗)𝑁1−𝑠 +468 

 𝑤2𝛿𝑗,𝛼2
(𝑁2

𝑠
)𝑝𝑗

𝑠(1 −  𝑝𝑗)𝑁2−𝑠 (3) 469 

where wi is the fraction of species in i-th component, i is the parameter of the i-th 470 

component, noct,i is the max octave of the i-th component, Ni = noct, i – 1, and pj = j / 100. 471 

It is relatively straightforward to extend the above approach for fitting the two-component 472 

gambin model by maximum likelihood, to fitting gambin models with g components (where 473 

components correspond to the number of modes): 474 

 475 

𝑃𝑟(𝑆 = 𝑠|𝜃) =  ∑ ∑ 𝑤𝑘
𝐾
𝑘=1 𝛿𝑗,𝛼𝑘

100
𝑗=1 (𝑁𝑘

𝑠
)𝑝𝑗

𝑠(1 −  𝑝𝑗)𝑁𝑘−𝑠 (4) 476 

where 𝑤𝐾  =  1 – ∑ 𝑤𝑘
𝐾−1
𝑘=1 , 𝑁𝑘= 𝑛𝑜𝑐𝑡,𝑘 − 1, 𝑝𝑗 =

𝑗

100
 , and 477 

𝜃 = (𝛼1, … , 𝛼𝐾, 𝑛𝑜𝑐𝑡,1, … , 𝑛𝑜𝑐𝑡,𝐾, 𝑤1, … , 𝑤𝐾−1). 478 

 479 

If we observe data s1,…, sn the associated likelihood function is: 480 

𝐿(𝜃; 𝑠1, … , 𝑠𝑛) =  ∏ 𝑃𝑟(𝑆 = 𝑠𝑖|𝜃)𝑛
𝑖=1  (5) 481 
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 492 

Appendix S2: Overview of the Brazilian Horsefly Dataset 493 

The empirical dataset used in the main paper comprises abundance records of horse flies 494 

(Diptera, Tabanidae) from a variety of locations in South America, Central America and 495 

Mexico, with a particular focus on Brazil. Data were sourced from the literature (e.g. Barbosa 496 

et al., 2005) and the subset of the dataset focused on Brazil comprised data from 33 localities 497 

across the country. The data come from a wide variety of sources incorporating different 498 

sampling intensities, sampling methods (e.g. malaise traps, canopy traps, netting, light traps, 499 

baited traps) and sampling extents. Where the same species was recorded in multiple 500 

localities, we summed the abundance values across these records for use in constructing the 501 

SAD (number of unique species = 164; total number of individuals = 78,755). We then took a 502 

subset of the dataset relating to one individual locality and one type of sampling (Centro de 503 

Instrução de Guerra na Selva, close to the city of Manaus, 02°45'33''S, 59°51'03''W; canopy 504 

sampling only; number of unique species = 58; total number of individuals = 1943; Ferreira-505 

Kepler et al. 2010). Both sets of data are available in the gambin R package, using the 506 

command: data(fly).  507 
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Appendix S3: Additional empirical examples of multimodal gambin fits 528 

Model results of gambin fits to 275 woody plant SAD datasets 529 

The results are available as a separate excel file (‘Kubota_BIC_values’).  530 

Other macroecological distributions 531 

To illustrate potential applications of multimodal gambin models in regards to summarising 532 

macroecological distributions other than species abundance distributions we fitted 533 

multimodal gambin models to a (a) species range-size distribution dataset, and (b) frequency 534 

distribution of species occupancy. For (a), we fitted one, two and three-component gambin 535 

models to the global range size distribution of 167 marine mammal species, including seals, 536 

whales, dolphins and dugongs. The data were downloaded from IUCN (2016). For (b), we 537 

fitted one and two-component gambin models to data of the occupancy of intestinal 538 

helminths in three species of grebe (total of 84 individuals) sampled in Alberta, Canada (data 539 

were pooled from Tables 2-4 in Stock & Holmes, 1988; see also Vandermeer & Goldberg, 540 

2003, Chapter 5). In both cases, models were compared using BIC. The model fits and BIC 541 

values are presented in Figure S1 below. For the marine mammal range size distribution, the 542 

three-component model had the lowest BIC value, and for the intestinal helminths occupancy 543 

distribution the two-component model provided the best fit. The bimodal fit in (b) is in 544 

accordance with the core-satellite hypothesis of Hanski (1982; see also Vandermeer & 545 

Goldberg, 2003, Chapter 5). 546 

References 547 

Hanski, I. (1982) Dynamics of regional distribution: the core and satellite species hypothesis. 548 

Oikos, 38, 210-221. 549 

IUCN (2016) The IUCN Red List of Threatened Species. Version 2016-1. 550 

http://www.iucnredlist.org. Downloaded on 21/05/2018. 551 

Stock, T.M. & Holmes, J.C. (1988) Functional relationships and microhabitat distributions of 552 

enteric helminths of grebes (Podicipedidae): the evidence for interactive communities. 553 

The Journal of Parasitology, 74, 214-227. 554 

Vandermeer, J.H. & Goldberg, D.E. (2003) Population ecology: first principles. Princeton 555 

University Press, Princeton. 556 



 557 

 558 

FIGURE S1 The fits of different gambin models to (a) the global range size distribution of 559 

167 marine mammal species, and (b) the occupancy distribution of intestinal helminths in 560 

three species of grebe (total of 84 individuals) sampled in Alberta, Canada. In (a) the one (red 561 

circles), two (black diamonds) and three-component (blue triangle) gambin models have been 562 

fitted, and in (b) the one (red circles) and two-component (black diamonds) gambin models 563 

have been fitted. The BIC values of the model fits are provided in the plots.  564 

 565 



Appendix S4: Simulation analyses – methods, results, discussion and supplementary 566 

figures. 567 

To test the error rates of our new models, and any sensitivity to the number of species and 568 

individuals (Locey & White, 2013), we ran three separate simulations.  569 

Sensitivity of model fits to the number of species 570 

To test how the performance of the bimodal gambin model varied with the number of species 571 

in the sample, we first sampled n species from a bimodal gambin distribution (that 572 

represented a true ecological community in this simulation) with set parameter values t1 and 573 

t2, using the ‘rgambin’ function. The bimodal model was fitted to this ith sample and the ith 574 

sample parameter values (i1 and i2) stored. This procedure was then repeated with a 575 

different value of n, with n increasing from 20 to 1000 species in increments of 20 (i.e. up to i 576 

= 50). As sampling random values from a gambin distribution with set parameter values is 577 

stochastic, this incremental sampling and model fitting process was then repeated 100 times 578 

with the same t1 and t2 values. We took the median sample parameter estimates of the 100 579 

iterations (i.e. the median of the 100 parameter estimates for a given n) and compared these to 580 

the t1 and t2 values of the underlying distribution. It was necessary to use the median 581 

rather than the mean as when n was very low the model fit would occasionally not converge 582 

and unreasonably high  values would be generated. For practical applications, this issue of 583 

non-convergence may be avoided by simply fixing the lower and upper bounds of the  584 

parameters; for example, between 0.1 and 100. The t1 and t2 values were set to 1 and 5, 585 

the max octaves were set to 5 and 13, and the weights were set to 0.5. We experimented with 586 

different community t1 and t2 values, but the results were qualitatively similar and so we 587 

only present the results using t1 and t2 values of 1 and 5, below.  588 

When the simulation was run using the bimodal gambin model and t1 and t2 values of 1 589 

and 5, the estimation of the t1 parameter was relatively insensitive to the number of species 590 

in the sample (Fig. S2). That is, the sampled data provided accurate estimations of t1 591 

regardless of the number of species. The estimation of t2 was more sensitive when the 592 

number of species in the sample was very low (Fig. S2). In particular, when the number of 593 

species in the sample was below 50, the model tended to overestimate the value of t2. Using 594 

different community t1 and t2 values resulted in the same pattern emerging.  595 

 596 

Sensitivity of model fits to the total number of individuals 597 

In order to test the sensitivity of the bimodal gambin model to the total number of 598 

individuals, we followed the approach of McGill (2011) and used two well specified SAD 599 

datasets from the literature: (1) the 2005 BCI tree dataset (number of species = 229; number 600 

of individuals = 20, 852), comprising all trees with DBH greater than 10 cm from a 50 ha 601 

forest plot in Panama (Hubbell et al., 2005), and (2) a coral reef dataset (number of species = 602 

154; number of individuals = 44, 255) from Australia (Dornelas & Connolly, 2008). First, for 603 



each community SAD we fitted and examined the bimodal gambin model to determine 604 

whether it provided a good fit to both datasets. We then employed an iterative subsampling 605 

procedure whereby we first subsampled x1 individuals from each community SAD, fitted the 606 

bimodal model and recorded the two  parameter (1 and 2) estimates. We then increased 607 

x1 by an increment y and subsampled x2 individuals from each community SAD, and so on 608 

until xi was equal to the number of individuals in the community SAD. We set x1 to 100 for 609 

both datasets, and y to 400 for the BCI dataset and 800 for the coral reef dataset, given their 610 

differences in terms of number of individuals. We then plotted the 1 and 2 values from 611 

these subsamples against xi to determine the influence of the number of sampled individuals 612 

on the parameter estimates. As sampling from a distribution is a random process, we re-ran 613 

the subsampling 100 times for each value of xi  and took the median of the two  parameter 614 

estimates (i.e. the median of 100 1  values and 100 2 values for each xi). For the purposes 615 

of this analysis, for the coral reef dataset we edited the maximum likelihood optimisation 616 

procedure so that both of the two compound distributions in the bimodal model had the same 617 

max octave (i.e. the max octave of the empirical distribution). This was because the 618 

maximum likelihood value without this change corresponded to a model in which one of the 619 

compound distributions only covered the first two octaves; and thus did not provide a useful 620 

example for our tests. Fixing the max octave for both compound distributions resulted in a 621 

model with a slightly lower likelihood, but provided a better test case for the purposes of this 622 

simulation. 623 

The two  parameter estimates from the bimodal model were 0.50 and 6.41, and 1.07 and 624 

11.08, for the BCI and coral datasets, respectively. Plotting the fitted values indicated that the 625 

bimodal model provided relatively good fits to both datasets (see Fig. S3a, b). Results from 626 

the subsampling analysis were similar for both the BCI dataset and the coral dataset (Fig. 627 

S3c, d). In regards to the  parameter of the first component in the bimodal model (i.e. 1), 628 

the parameter estimate was relatively accurate regardless of the sample size; however, at very 629 

low sample sizes the model tended to overestimate the 1 parameter when the BCI dataset 630 

was used (Fig. S3c). In regards to the 2 parameter, in both cases the parameter estimate was 631 

strongly influenced by the number of individuals in the sample, such that at low sample sizes 632 

the model-estimated 2 parameter value varied quite considerably from the true value (Fig. 633 

S2c, d). As sample size increased, the 2 parameter estimate appeared to converge on the 634 

values for the full dataset; however, this convergence was not asymptotic. 635 

  636 

Determining the error rate 637 

When working with multimodal SAD models, and ecological models more generally, it is 638 

useful to know the error rate of the model fits, i.e. the proportion of times that a multimodal 639 

model provides a better fit than a unimodal model to a unimodal dataset (i.e. false positive) 640 

and the proportion of times a unimodal model provides a better fit than a multimodal model 641 

to a multimodal dataset (i.e. false negative) (see Antão et al., 2017), and under what 642 

conditions the error rate varies. To this end, we simulated both 100 unimodal and 100 643 



bimodal gambin distributions with given  parameters and number of species (i.e. it is known 644 

a priori how many components each distribution has). We then fitted both the unimodal and 645 

bimodal gambin models to each distribution and calculated the BIC values (see Burnham & 646 

Anderson, 2002) of the model fits. It was then possible to determine the number of times a 647 

bimodal gambin model provided a better fit than a unimodal model, based on BIC, to a 648 

unimodal sample (false positive), and vice versa. The total error rate was expressed as a 649 

percentage. 650 

For the unimodal simulation, the number of species, the  value and the max octave of the 651 

simulated datasets were set to 100, 1 and 10, respectively. The weights for the simulated 652 

bimodal distribution were set to 0.3 and 0.7 (for the first and second compound distributions, 653 

respectively), and the max octaves were set to 7 and 10 (again for the first and second 654 

compound distributions, respectively). These values were chosen as experimental analysis 655 

revealed they produced realistic looking ecological SADs. We experimented with different 656 

starting  values and number of species to determine whether/how the error rate changes 657 

when the modes in the bimodal distribution become closer together. To achieve this, in each 658 

simulation the 1 value (i.e. the component distribution corresponding to the relatively rarer 659 

species) was set to 0.5, whilst the 2 value was iteratively changed across simulations, from 660 

2 to 10, in units of 1. The number of species were set to 50, 100, 200 and 500. 661 

When a unimodal gambin distribution was simulated, the error rate (false positive) was 7.0%. 662 

When a bimodal gambin distribution was simulated (number of species varied between 50 663 

and 500; 1 kept constant at 0.5; 2 varied from 2 to 10), the mean error rate (false negative) 664 

depended on the sample size and the difference between the 1 and 2 values (Fig. 2 in the 665 

main paper). When the difference between 1 and 2 was relatively large, the error rate (i.e. 666 

the proportion of times BIC selected the unimodal gambin model as the best model) was very 667 

low (e.g. 0%) regardless of the sample characteristics. In contrast, when the difference 668 

between the 1 and 2 values was very small, the error rate was high (e.g. 81%) regardless. 669 

In between these extremes, the error rate at a given level of difference between 1 and 2 670 

depended to some extent on the number of species (Fig. 2 in the main paper).  671 

 672 

Discussion of the Simulation Analyses Results 673 

The results of our simulations involving varying the number of species in a sample indicated 674 

that the  parameter estimates of the bimodal gambin model were relatively insensitive to the 675 

number of species in the sample. There was some bias (see also McGill, 2011 for a discussion 676 

of this issue in SAD analyses more generally), such that at low sample species richness the 677 

t2 parameter tended to be overestimated. However, it was only when species richness was 678 

very low (< 30) that the sample i2 value diverged substantially from the t2 value. The 679 

reason for this observation is likely due to the fact that reducing richness in the simulated 680 

samples results in a concomitant reduction in the number of individuals in the sample 681 

(discussed further below). 682 



In contrast to the number of species in the sample, it is apparent that to get truly accurate 683 

parameter estimates (accurate in the sense that they are close to the parameter values of the 684 

population) for the bimodal model fits, the number of individuals in the sample needs to be 685 

quite large (see Fig. S3 and Fig. S4 below). This has been reported previously for other SAD 686 

models. For example, McGill (2011, p. 114) found, using a similar subsampling method, that 687 

“most metrics only began to come close to their true values (even to within +- 50%) with at 688 

least 1000 individuals sampled and in many cases only with 10,000 individuals sampled.” For 689 

example, accurate determination of the  parameter from the unimodal gambin model was 690 

determined to require sample sizes of 1000 individuals (McGill, 2011). Furthermore, 691 

McGill’s analysis was focused primarily on unimodal distributions, and arguably the problem 692 

can be seen to be even more acute for compound distributions, due to the generally larger 693 

number of parameters and more complex optimisation algorithms needed to find the 694 

maximum likelihood estimates of the parameters.  695 

In regards to our simulations using the bimodal gambin model, it is the 2 parameter that is 696 

most sensitive to sample size, and although 2 increases with increasing sample size, albeit 697 

with scatter at very small sample sizes, it does not perfectly asymptotically converge on the 698 

true value. This issue appears to be largely caused by sampling problems. Primarily, when 699 

smaller and smaller samples are taken from a community SAD that is distinctly multimodal, 700 

the multiple modes become more difficult to detect. Thus, this is a problem for all 701 

multimodal SAD models, although it is potentially more of an issue with gambin due to the 702 

prior binning of the data. Figure S4 illustrates this sampling effect. In Fig.S4d the fit of the 703 

bimodal gambin model to the BCI dataset is shown. The fit of the bimodal model to samples 704 

of 100, 1000 and 10,000 individuals from the BCI dataset (Fig.S4a, b, c) are also shown. It 705 

can be seen that, as sample size decreases, the second mode (i.e. the mode representing the 706 

relatively more common species) shifts to the left, whilst the first mode (i.e. the mode 707 

representing the singleton class) remains static (Fig. S4). This fits with Preston’s (1948) 708 

concept of the veil line; it is only by increasing the size of the sample that the full empirical 709 

distribution is revealed. This explains why the 1 parameter is relatively insensitive to 710 

variations in sample size, whilst the shifting of the second mode to the left of the distribution 711 

explains why 2 tends to decrease with sample size. The shifting of the second mode with 712 

variation in sample size is not a ‘smooth’ continuous process, which is why 2 does not 713 

converge towards the true value in a smooth, asymptotic fashion. The reason for this likely 714 

relates to the changing empirical max octave value of the sample. Starting with a small 715 

sample size (i.e. a low proportion of the number of individuals in the community), as the 716 

number of sampled individuals increases at some point a new max octave is added (i.e. there 717 

are species now in the sample with higher abundance than in samples of smaller sizes; e.g. 718 

compare the different empirical max octaves in Fig. S4a-d). The addition of a new max 719 

octave acts to stretch out the gambin distribution, which in turn influences the  values. 720 

The sensitivity of the  parameter to sample size was found in previous work focused on the 721 

unimodal gambin model (Matthews et al., 2014). However, in contrast to the unimodal 722 

model, in regards to the bimodal model we do not think that this sensitivity is necessarily a 723 

substantive issue, depending on the aim of the study. With the unimodal gambin model, the  724 



value can be used as a type of diversity metric to compare SAD shape across communities 725 

(e.g. Arellano et al., 2017). Thus, we have previously advised that subsampling should be 726 

used to ensure constant sample size in comparative analyses using the unimodal model 727 

(Matthews et al., 2014). However, for multimodal gambin models the meaning of the  728 

values is not as clear: partly due to the fact that the max octave of the first distribution (in the 729 

context of the bimodal model) is allowed to vary and thus will vary between different 730 

samples. Rather, the benefit of multimodal gambin models is to provide a simple, quick and 731 

easy to use test for determining whether empirical SADs are multimodal; the  parameter 732 

values can then be used to simply provide a rough idea of the shape of the component 733 

distributions in certain cases.  734 

Furthermore, according to our simulations, unless sample size is very low, 2 is still 735 

relatively large compared to 1 and thus indicates to the user the presence of two components 736 

in the overall distribution. It is also worth noting that, as gambin is a statistical distribution 737 

rather than an ecological model, obtaining exact parameter estimates, particularly for 738 

multimodal models, is arguably less important than for other, ecological models (e.g. the 739 

migration parameter, m, in various neutral models; e.g. Hubbell, 2001; Chust et al., 2013).  740 
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Appendix S4 Figures 806 

 807 

 808 

 809 

FIGURE S2 Variation in the two  parameter estimates (1 = black circles; 2 = red circles) 810 

of a bimodal gambin model with the number of species in the sample. Samples were taken 811 

from a bimodal distribution with t1 and t2 parameters set to 1 and 5 (solid black lines), 812 

respectively. For each number of species value, the subsampling was repeated 100 times and 813 

the median 1 and 2 values taken.  814 
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 821 



 822 

FIGURE S3 The fits of the unimodal (blue circles) and bimodal (red triangles) gambin 823 

models to two empirical SADs: (a) the 2005 BCI tree dataset (number of species = 229; 824 

number of individuals = 20,852) from Panama, and (b) a coral reef dataset (number of species 825 

= 154; number of individuals = 44,255) from Australia. Subsamples of these datasets were 826 

created by subsampling a varying number of individuals (NI) in each case. The bimodal 827 

gambin model was fitted to each subsample and the average 1 (black circles) and 2 (red 828 

circles) parameters (average of 100 iterations for each NI value) were stored. These values 829 

are plotted against NI for the BCI data (c) and the coral data (d). The blue diamonds in (c) 830 

and (d) are the true parameter values, i.e. the parameters of the model fits to (a) and (b). The 831 

bimodal model in (b) was fitted using the standard function in the gambin R package that 832 

allows the max octave of the first component distribution to vary (i.e. it does not have to 833 

equal to max octave of the empirical distribution). However, to enable a better test of the 834 

effect of the NI on the  estimates (d), it was necessary to use a different function that fixed 835 

the max octave of both component distributions. 836 



 837 

 838 

FIGURE S4 The fit of the bimodal (red triangles) gambin model to the SAD (d) of the 2005 839 

BCI tree dataset (number of individuals = 20,852), and to three samples from this dataset of 840 

varying size: (a) 100 individuals, (b) 1000 individuals, and (c) 10,000 individuals. The two  841 

values for each model fit are: (a) 0.46 and 5.90, (b) 2.31 and 3.43, (c) 0.57 and 5.42, and (d) 842 

0.50 and 6.41. The P-value of the X2 goodness of fit test was non-significant ( > 0.55 in each 843 

case) for all model fits.  844 
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