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Abstract

Broad scale geographic variation in species diversity correlates with environmental
variables in most taxa, but a mechanistic understanding of this relationship has remained elusive.
More than a half-century ago, F.W. Preston observed that the number of individuals per species
in species assemblages is log-normally distributed (with two parameters: the total number of
individuals, 1, and the number of individuals of the rarest species, m). Here, we show that ¢, a
proxy for m, is correlated with environmental variables in several datasets of trees, birds, fish,
and invertebrates. Moreover, variation in species richness is more strongly related to this
measure of rarity than to environment. In all the datasets we examined, structural equation
models are consistent with the hypothesis that environmental variables affect species richness
principally by affecting rarity, which in turn affects richness. We propose that geographic
variation in the ability of species to persist at low densities provides a possible unifying
explanation for global gradients of species richness. Our findings may have important
implications regarding Earth’s biodiversity, highlighting the rarest species as those most at-risk

but also important indicators for the ongoing consequences of climate change.



Résumé

Aux grandes échelles, la variation géographique en diversité des espéces est en
corrélation avec les variables environnementales dans la plupart des taxons, mais une
compréhension mécaniste de cette relation est restee difficile a atteindre. 11 y a plus d'un demi-
siecle, FW Preston a observé que le nombre d'individus par espéce dans les assemblages
d'especes est log-normalement distribué (avec deux parametres: le nombre total d'individus, I, et
le nombre d'individus de 1’espéce les plus rares, m). Ici, nous montrons que ¢, un proxy pour m,
est corrélé avec des variables environnementales dans plusieurs ensembles de données sur les
arbres, les oiseaux, les poissons et les invertébrés. De plus, la variation de la richesse en espéces
est plus fortement liée a cette mesure de rareté qu'a I'environnement. Dans tous les ensembles de
données que nous avons examingés, les modeéles d'équations structurelles sont cohérents avec
I'nypotheése que les variables environnementales affectent la richesse des espéces principalement
en affectant la rareté, qui a son tour affecte la richesse. Nous proposons que la variation
géographique de la capacité des especes a persister a de faibles densités fournit une explication
unificatrice possible des gradients mondiaux de la richesse des espéces. Nos résultats peuvent
avoir des implications importantes en ce qui concerne la biodiversité de la Terre, mettant en
évidence les especes les plus rares comme les plus menacées, mais également des indicateurs

importants des conséquences actuelles du changement climatique.
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General Introduction

It is impossible to observe biological communities at a global scale without beginning to
wonder what underlies the variation and differences in these communities. The simplest
difference, which has been a pattern and question of note in ecology since its inception, is that
some places have more species than others (Sclater 1858, Wallace 1878). While countless other
more complex characteristics of the ecology and biology of living communities differ across the
globe, the variation in species richness (the number of different species) seems tantalizingly
simple and solvable. One of the papers that forms the bedrock of modern macroecological
theory, MacArthur’s (1965) Patterns of species diversity, aptly begins by simply stating that
“patterns of species diversity exist”, highlighting the prominence and ease by which these
patterns can be observed. However, the intervening decades of research have shown that while

the patterns are easy to find, the answers to questions about these patterns are elusive.

Palmer (1994) notes that the problem of species richness gradients has not followed the
‘normal’ process of science, by which the discovery of an unexplained phenomenon is followed
by the proposal of a small set of plausible hypotheses, which ideally are pared down to only one
through investigation and experimentation. Instead, we have well over one hundred proposed
hypotheses that address the patterns of species richness from different angles, and many with
enough support that a large culling, resulting in a small and manageable explanatory mechanism,
seems unlikely to occur. What can these seemingly endless hypotheses tell us about what drives

gradients in species richness?

Studies of islands led to the identification of area as a determinant of species richness.
Preston (1960, 1962) and MacArthur and Wilson (1963) contributed to the concept that greater

area provides more space for a greater number of species, and indeed larger islands show
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exponentially greater species richness than do smaller ones. On all islands, there are new
colonizations and local extinctions, but they seem to occur in equilibrium, and the number of
species at which these processes equalize is area-dependant. Following Preston (1962),
Srivastava and Lawton (1998) refined this into the ‘more individuals hypothesis’, noting that
more space allows for more total individuals, which then will tend to be represented by more
species. However, most species in the world do not live on islands, and simply considering area
cannot address patterns of richness observed in oceans, or on continents. It is important to note,
however, that by comparing differently sized patches of habitat on continents, essentially

creating ‘islands’, the species-area curve is observed (Rosenzweig 1995).

Storch et al. (2018) state that the consensus among ecologists is that climatic variables
are mostly responsible for the species richness gradients, and it is certain that climate and
environment are important factors. In a meta-analysis, Field et al. (2009) surveyed almost 400
tests of the drivers of species richness gradients across many different taxa, categorizing the
results to see which general mechanisms were most often supported. The best-supported
category of hypothesis was found to be climate and productivity. There are several proposed
explanations for why climate should drive richness. Hutchinson (1959) suggested that the total
metabolic energy of a system is finite, and that species partition the energy among themselves.
Warmer, wetter environments provide more energy, and allow for more species to get a ‘piece of
the pie’ because more individuals can persist where productivity is greater. Alternatively,
Klopfer (1959) and Pianka (1966) proposed that it is climatic stability that matters, as it allows
for species to become more specialized and thus exploit different niches. Finally, more benign
climates may accommodate a wider range of physiological tolerances, and therefore support

more species, the so-called ‘physiological tolerance’ hypothesis (Kleidon & Mooney 2000),



which was further supported by Spasojevic et al. (2014). Kleidon & Mooney (2000) found that
higher numbers of simulated plant species (generated with random combinations of

physiological parameters) could persist in climatically benign areas.

Climate is not the only distinguishing feature of a location. Physical, topographical, and
geographic factors all contribute to the concept of ‘habitat heterogeneity’, which states that an
increase in the physical diversity of a landscape creates more habitats, and therefore more
dimensions for niche partitioning (MacArthur & MacArthur 1961). This process facilitates
specialization, and inhibits competition, both of which contribute to an increase in the number of
species. Support for the habitat heterogeneity hypothesis has been found in both aquatic and
terrestrial environments, successional and disturbance areas, and along latitudinal, elevational,
and humidity gradients (Cramer & Willig 2005). Kerr and Packer (1997) found that, in a case
where the climatic rules do not seem to apply, the mammals of non-Arctic North America, it is
instead habitat heterogeneity that becomes the strong predictor of richness along the gradient.
This is an example that helps to illustrate why the drivers of species richness gradients are hard
to pin onto a single theory- different locations and communities do seem to respond to different

factors.

Another group of hypotheses could be categorized as ‘historical’, and their explanations
for species richness gradients look away from the area, climate, or habitat heterogeneity of the
current environment and instead look into the past, to see if processes or events that shaped the
landscape are instead responsible for today’s biological communities. Latham and Ricklefs
(1993) noted that geographically separated, but climatically similar, angiosperm habitats such as
mangroves and scrub can often show very different numbers of species, and therefore concluded

that climate does not tell the whole story. Instead, they proposed that the evolutionary histories



of the plants in these areas contribute to the current community. A historical event that has been
linked to species richness gradients is the advance and subsequent recession of glaciers across
much of the planet’s temperate regions. Svenning and Skov (2007) found that, especially for
species with restricted ranges, examining historical data of glacial cover reveals that species tend
to occur in the places to which they were restricted by the ice. Finally, historical-type hypotheses
need not extend into deep time and invoke glaciation or evolution- Jacquemyn et al. (2001) and
other similar studies have found that ongoing processes that have occurred in the more recent
past, such as dispersal, succession, and species extinctions and colonizations, influence local

species richness in a significant fashion.

A final domain of hypotheses that address the species richness gradient question take a
further step back, even beyond the historical hypotheses, and ask whether biological factors need
be considered at all. Colwell and Hurtt (1993) acknowledged the various ideas discussed above,
but noted that it is important to determine what patterns of species richness would look like
without any biological factors. In other words, what should the default expectation, or null
model, be, for the distribution of biological communities? They showed that many of the
patterns, such as the latitudinal richness gradient, could develop ‘on their own’, and that effects
of sampling could create some of the patterns as well. This proposed ‘mid-domain effect’
challenges other notions of what creates the gradients so commonly observed in species richness.
However, Hawkins et al. (2005) and others (Currie and Kerr 2008, Fox 2011) have challenged
the core assumptions of the mid-domain effect, and question whether it truly represents a null
model, or whether existing environmental gradients in species richness are required even for its

effects to properly model gradients observed in nature.



Any new research that seeks to ‘solve’ the species richness gradient problem should
consider the breadth of theory discussed above, and the much larger pool of hypotheses that were
not even mentioned, and attempt to do more than simply add one additional theory. Could there
instead be patterns or processes that underlie several, or even most, of the existing hypotheses
that could serve to connect them? It is the goal of the current study to highlight a previously
undiscovered mechanism underlying the species richness gradient, and to add it as a new piece
into a larger framework that models the complicated and interconnected process that controls

why certain places have more species than others.



Introduction

An elusive problem in macroecology has been a mechanistic explanation for global-scale
geographic variation in species richness. Put more simply, why do some places have few species,
and other places so many? Commonly, species richness (the number of species observed in a
particular area) decreases moving poleward from the equator, and from low to high elevation
(Gaston 2000, McCain & Grytnes 2001, Hillebrand 2004). These are certainly not the only
known gradients; species richness varies with depth in aquatic environments (Rex et al. 2000,
Woolley et al. 2016), longitudinally across continents (Liu et al. 2008, Mee et al. 2018), and
through time due to evolutionary diversification and historical events such as glaciation (Wiens
& Donoghue 2004, Belmaker & Jetz 2015). Along latitudinal and elevational gradients, richness
in most taxa correlates with temperature, precipitation, or an interaction between the two (Currie
1991, Francis & Currie 2003, Field et al. 2009). Species richness in specific taxa correlates with
other environmental variables, such as NDVI (a measure of the density of vegetation cover) for
birds (Hurlbert & Haskell 2002), and ambient salinity and nitrate concentrations for coral-reef
fish (Mellin et al. 2010). Many of these environmental variables have been interpreted as
measures of resource/energy availability (Currie 1991, Gaston 2000, Hawkins et al. 2003).
Geographic factors such as habitat heterogeneity have also been found to be important (Rahbek
& Graves 2001, Seibold et al. 2016). However, among seemingly endless correlations, no well-
supported causal mechanism has emerged to broadly predict variation in species richness along
these different environmental gradients. There has been no shortage of proposed mechanisms,
and indeed the sheer volume of hypotheses could be said to have contributed to the confusion.
According to Palmer (1994), at least 120 hypotheses relating to the question of species richness

variation have been proposed, and this number has only increased in the intervening decades.



What, if anything, do all these patterns have in common? Is it possible that these variables are

indirect correlates of some other variable that directly affects richness?

According to a classic study by Preston (1962), the distribution of individuals among
species in any species assemblage follows a regular distribution, which Preston called “canonical
log-normal”. The log normal distribution has two free parameters and two coefficients (that
Preston determined empirically). According to this model, there is a necessary relationship
between the total number of individuals in the assemblage (I), the minimum number of
individuals for a species to persist, which Preston denoted by m, and total species richness (N)

(Figure S1). If two of these values are known, the third is fixed:
(1) N = 2.075 x (I/;)0262
(2 log(N) = 0.31 + 0.262 (logI — logm)

This suggests that any mechanism governing variation in species richness could be driven
entirely by variation in these two variables, | and m. In other words, if environmental and
geographic variables influence species richness, that influence must be exerted through effects
on | and m. Preston discussed the fact that the well-known relationship between species richness
and area (for example, on islands of differing areas, following MacArthur & Wilson (1967)) can
be derived from the canonical log-normal model, as more area allows for more individuals
(Preston 1962). Preston did not, however, extend his model to other patterns of species richness

such as the latitudinal gradient.

Is it reasonable to pursue a lead from work more than a half-century old? The primary
point that Preston wished to put forward was that species abundance distributions in many

different taxa are log-normally distributed (Preston 1962): i.e., the variation in number of



individuals per species approximately fits a log-normal curve. This was supported by empirical
examples of his own, and later work has provided further evidence of the generality of the log-
normal species abundance distribution (Ulrich et al. 2010). Other models to describe species-
abundance distributions have been proposed (Hubbell et al. 2008, Chao et al. 2015), but they are
close to log-normal, and the log-normal model often out-performs the alternatives (McGill 2003,
McGill et al. 2006). Although Preston’s (1962) analysis inspired the present study, the exact
species-abundance distribution is not critical; it may well vary to some degree among taxa
(McGill 2003). Rather, our hypothesis is that richness depends upon the proportion of rare

species in an assemblage.

In contrast, the energy-richness hypothesis proposes that larger areas, as well as areas of
higher primary productivity, are able to support more species because there is more ‘energy’
available to support more individuals (Hutchinson 1959, Wright 1983). A highly productive
environment, which supports a large number of individuals, is therefore home to a large number
of species, as the individuals are able to represent more species than would be possible with
smaller populations. Crucially, however, do the warmer, wetter areas support more individuals?
Currie et al. (2004) found that spatial variation in the total number of individuals (Preston’s I)
was insufficient to explain broad-scale variations in richness. Although this ‘more individuals
hypothesis’ would be a straightforward explanation for the observed energy-richness patterns,
studies and models based on it have not been well-supported (Storch et al. 2018). But note that,
again following from Preston, variation in | should be only part of the explanation for variation

in richness.

Therefore, if Preston’s model does indeed provide a general description of the geographic

variation of species-abundance distributions, then variation in rarity — m -- must be responsible



for the variation in richness left unexplained by the total number of individuals. Places and
populations with lots of species, without enough ‘extra’ individuals, must have species persisting

at densities lower than the global average.

Following Preston (1962), here we hypothesize that observed patterns of variation in species
richness are all to some extent mediated by variation in rarity, irrespective of the climatic or
environmental gradient along which variation occurs. This hypothesis leads to several

predictions.

1. Gradients of species richness should be correlated with some physical and/or biotic
characteristic(s) of the environment (e.g. climate), depending on the taxon, as has been
well-established previously.

2. m should show sufficient spatial variation (in a way that | does not) to explain these
known patterns of variation in species richness.

3. When richness is strongly correlated with an environmental variable along some
geographic gradient, m should be correlated with both the climatic, spatial, and/or
environmental variables, and also with richness.

4. In the hypothetical causal pathway whereby environment influences rarity, which in turn
influences richness, the proximal correlations should be stronger than distal climate-
richness correlation, and this pathway should be better supported by path analysis than
models that omit the environment - rarity = richness pathway.

5. Preston’s argument is agnostic to taxon or environmental gradient. It suggests that these
predictions should hold for any taxonomic group (birds, trees, fish, etc.) along any

richness gradient (latitudinal, altitudinal, depth, etc.).



Materials and Methods

To address our predictions, we sought datasets that met several important criteria. A
dataset needed to provide survey-based, abundance data identified to the species level.
Additionally, the datasets needed to be comprised of several sites with sufficient spatial coverage
to capture important gradients of species richness. Finally, we needed datasets representing a
variety of taxa, and different potentially driving environmental or climatic variables. We

identified five datasets that met each of these criteria (Table 1).

The first dataset is composed of nearly 200 0.1 hectare forest plots located around the
world (concentrated in the neotropics), sampled by Alwyn Gentry, on which all plants with stem
diameters of at least 2.5 cm were counted and identified (Phillips and Miller 2002). The dataset
included 149 sites for which we could estimate m (see below). Second, the Barva dataset
consists of eleven 1-hectare forest plots sampled by Leiberman et al. (1996), at elevations of 100
m to 2600 m on the Barva volcano in central Costa Rica. Third, the North American Breeding
Bird Survey (BBS) is a program established in 1966 and now represented by an extensive dataset
of roughly 4000 sites across the United States and southern Canada, consisting of 40 km
‘routes’, along which experienced ornithologists do point counts every 1.0 km. We used routes
censused during 2013 for which m could be estimated (see below). The sample includes 2660
sites. Fourth, the Reef Life Survey (RLS) is another extremely extensive dataset, representing
500 m? transects of reef habitat that have been sampled for reef fish by experienced scuba divers.
The final sample used in our analysis, after eliminating sites for which m could not be estimated
(see below), includes 1164 sites around the world, concentrated in the tropics but with some
temperate reef sites. Fifth, the Ocean Basin Benthos dataset represents epibenthic sled collections

of deep-see gastropods at different depths. Our analysis includes 40 sites.
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All five datasets differ detectably from log-normality, based on Komolgorov-Smirnov
tests, but none departs dramatically (Table S1). Failure to pass normality tests is very common

in large datasets.

Climatic data were acquired from several sources. Temperature and precipitation at a
resolution of 30 arc seconds were acquired from the ‘Climatologies at high resolution for the
earth's land surface areas’ (CHELSA) dataset (Karger et al. 2017). The distribution of
precipitation data was strongly positively skewed. We therefore square-root transformed
precipitation to normalize its frequency distribution, thereby reducing the statistical weight of
extreme values. NDVI (at a resolution of 250 metres) and ocean chlorophyll a (at a resolution of
4 km) were acquired from NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS)

datasets (Didan 2015, NASA 2015).

It is impossible in practice to directly measure m, the abundance of the rarest species in a
species assemblage. An estimate of m must therefore be acquired by proxy from the survey-
based data. In principle, one could hypothesize that the distribution of individuals among species
conforms to a given distribution. One could then fit that distribution to the number of
individuals per species and estimate the abundance of the rarest species using the fitted
parameters of the distribution (Matthews et al. 2014). The drawback to this approach is that the
estimate will depend upon the fit to the entire distribution. We found that this method is more
sensitive to the abundances of the most common species, not the rarest ones. Instead, we chose to

focus on the left tail (the rare side) of the distribution.

An indication of rarity in a sample is the number of singletons, species represented in the
sample by a single individual (Colwell & Gotelli 2011). Singletons represent a unique signal of

rarity in the data that is independent of N and 1. Although the possible numbers of singletons in a
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sample are bounded (since it is impossible to have more singletons than species, or to have fewer
species than singletons), these bounds are not so strict as to impose circularity (Figure S2). In
other words, it is not mathematically necessary that samples with more singletons have more

species.

However, the raw number of singletons is inappropriate as a measure of how rare species
are because it is sensitive to sample size. The proportion of species that are represented by
singletons is also inappropriate because it involves dividing by species richness, which is the

variable we are trying to predict.

The proxy we arrived at, which we denote as ¢, was the number of singletons in
uniformly rarefied samples. Rarefaction involves resampling the data from individual sites to a
given sample size. It has been used to make species assemblage data more comparable and
useful (Colwell et al. 2012). Its advantage is that it eliminates sample size effects without
‘contaminating’ the proxy (which we want to use as an explanatory variable) with species
richness (our response variable). We found that estimates of ¢ were relatively insensitive to the
rarefaction threshold (the number of individuals to which each site is resampled) over a fairly
wide range of thresholds. We chose a threshold for each dataset that included at least 80% of the

sites, and that fell well within the range of rarefaction thresholds over which ¢ varied little.

We evaluated the proxy ¢ based on the following logic. For any given data set, N and |
are known. If Preston’s model correctly describes a general relationship between richness and

rarity (H1), then one can generate a theoretical value for m by rearranging equation (1):

(3) Miheo = 16.2 % I/N3.817

12



If it is also true that ¢ is a good proxy for m (H2), then ¢ and m should be strongly correlated.
Strong relationships between ¢ and mmeo Would be consistent with the conjuction of propositions

H1 and H2.

Note that | in Preston’s model is the number of individuals in the regional species
assemblage. I is also not directly observable. Here, we assume that regional variation in the
density of individuals among samples is linearly proportional to the geographic variation in the

number of individuals among regional assemblages.

To test the first and third predictions, that relationships exist between the environment,
richness, and rarity in the data as predicted, regression models were created to predict species
richness using Preston’s two variables (I and m, via the proxy ¢) and the environmental variables
most strongly correlated with richness in the original studies. In all models, we transformed the
environmental variables as necessary to meet the assumptions of linear regression. To test the
second prediction, that m varies spatially, the ranges of N, I, and ¢ in each dataset were
compared. To test the fourth prediction, path models were created to compare the pathway
(environment - richness) with our hypothesized pathway (environment - rarity - richness).
Finally, to test the fifth prediction, we plotted the richness/rarity relationships for all the species
assemblages on the same graph, to visualize the degree of universality of the richness-rarity

relationship.

All statistical analyses were performed in R version 3.60 (R Core Team 2013), except for

the path models, which were performed in SPSS Amos v23.0 (Arbuckle 2014).

13



Results

The number of singletons in a rarefied sample, ¢, is strongly related to the theoretical m
derived from Preston’s model (i.e., predicted from N and 1), with ¢ and m having correlations (r)
of -0.98, -0.94, -0.61, -0.75, and -0.86 for the Gentry, Barva, BBS, RLS, and Ocean Basin
Benthos datasets, respectively (Figure S3). The correlation is negative because a rare species
would have a lower m (indicating a lower density of individuals) but a higher ¢ (indicating more

singletons in the sample).

Consistent with our first prediction, we found relationships between species richness and
environmental variables in each dataset (Table 2). This is not a surprise, as earlier work has
already established these correlations. In the Gentry dataset, tree species richness was related to
temperature and precipitation (Currie 1991, Francis & Currie 2003, Hawkins et al. 2003, Field et
al. 2009). In the Barva dataset, tree species richness was strongly negatively related to elevation
(Lieberman 1996, Sharma et al. 2009). In the BBS dataset, bird species richness was related to
NDVI, a measure of the density of vegetation cover (Hurlbert & Haskell 2002, Hurlbert & White
2005) as well as with precipitation (Coops et al. 2018). In the Reef Life Survey dataset, fish
species richness was related to sea surface temperature (Parravicini et al. 2013) and chlorophyll a
concentration (Mellin et al. 2010). In the Ocean Basin Benthos dataset, gastropod species

richness was related to depth (Rex et al. 2000).

The second prediction was that ¢, our proxy for the abundance of the rarest species,
should show significant variability along richness gradients. We found that ¢ is more variable
than is species richness (comparing coefficients of variation) in all five data sets (Table 3).
Currie et al. (2004) argued that variation in I, the total number of individuals was insufficient to

account for variation in richness. We found that the variability of | was less than the variability
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of richness in the two data sets that focus on trees (Barva and Gentry); however, the number of
individuals was more variable than richness or rarity in the three other datasets (Table 3).
Nevertheless, in the regression models, the total number of individuals I statistically accounted
for relatively little variance in species richness in all datasets, and | was only weakly related to
environmental and climatic variables, especially so for the Gentry, BBS, and RLS datasets. This

consistent with the weaknesses of the ‘more-individuals hypothesis’ (Storch et al. 2018).

In all five datasets, rarity (¢) was related to the environmental and climatic variables for
each taxon, consistent with the third prediction (Table 2). Furthermore, ¢ was related to richness,
as predicted, and more strongly than richness was related to environment/climate in 4 of the 5
datasets (Table 2). In the fifth dataset, the Barva volcano transect, the richness-rarity relationship

was essentially identical to the rarity-environment/climate relationship (Table 2).

Adding the effect of individuals as a predictor for richness to the stronger rarity predictor,
and modelling species richness as a function of ¢ and I, increased the explained variance in all
five datasets (Table 2). This is consistent with Preston’s hypothesis that these two variables
determine richness. Our hypothesis is supported by the fact that ¢ accounts for more variance in

N than does I.

Path models, used to test whether hypothesized causal pathways are consistent with the
data, were largely consistent with the third prediction. Path models that postulated a direct effect
of rarity on richness, and no effect of environmental/climatic variable(s) on richness, performed
better than models that postulate the inverse (Figure 1). The path model allowing both rarity and
environment to influence richness was better than both restricted models in all five datasets
(Figure 1). The number of individuals was included in all models, and contributed significantly,

but less strongly, than rarity in all five datasets (Figure 1).
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Richness varies as a function of rarity similarly for all taxa (Figure 2). Multiple
regression models predicting richness from ¢ were compared. An ANCOVA model that allows
for different slopes for each dataset (R? = 0.695), or an ANCOVA that allows for different
intercepts but the same slope (R? = 0.687). account for only marginally more variance than a
regression in which datasets are pooled (R? = 0.680). The ANCOVAs are significantly superior
(p=<0.00001), given that statistical power is very high (n=4024). However, the most striking
difference among the five datasets is the variance in richness for a given value of ¢: variance is
small for the gastropods, Barva trees, and Gentry’s trees, but much larger for the Breeding Bird
Survey and the Reef Life Survey. Differences in variance are primarily among groups. Within

groups, variance is approximately homoscedastic with respect to ¢.
Discussion

Our results are consistent with the hypothesis that environmental variables influence
species richness through effects on rarity, irrespective of the taxon or the environmental gradient.
Many correlations between these environmental variables and species richness have been
documented in the literature. Here, we propose a mechanistic explanation underlying these
observations: site-level species richness is high where species persist at low densities. Species
persist at lower densities at the more favourable, perhaps more benign, ends of environmental
gradients. This pattern held broadly, whether the benign end of the gradient represented
conditions that were warmer, wetter, lower altitude, lesser depth, greater vegetation cover or
other measures of resource availability. Furthermore, the pattern was found in a wide range of
taxa. Therefore, in the spirit of Preston’s work that laid the foundation for this model, and which
he presented as ‘canonical’, we suggest that this mechanism is a universal feature of species

assemblages, and that the rarity-richness relationship is also canonical.
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As Preston’s models predict, all of our models include significant effects of both the total
number of individuals | and rarity ¢. We found that | does vary widely in several of the datasets,
in contrast with the findings and conclusions made by Currie et al. (2004). Our datasets that
represented the same taxon (trees) as the Currie et al. (2004) study did replicate their results.
However, other taxa showed plenty of variability in the numbers of individuals. Preston’s model
predicts that | and m (for which ¢ is a proxy) should have equal effects on richness (see eq. 2
above). In contrast, in our regressions, the coefficient on log(¢) was roughly twice the
coefficient on log(l) (Appendix). This may occur because the relationship between ¢ and
Preston’s m is not linear, or perhaps because the species-abundance distributions are not exactly

log-normal, as Preston postulated (Magurran 1988).

The path models also revealed that while much of the explained variance in richness does
‘flow” from the environmental variables through rarity, there is still a small contribution of the
environmental variables directly to richness. This suggests that some aspects of the environment-
richness relationship are mediated neither by rarity nor by number of individuals. While this
technically contradicts Preston’s model, which presents | and m as the only contributors to
richness, it might reflect statistical artifacts such as our use of ¢ as a proxy for m, bias in census
estimates of | (e.g., undetected species in point counts of bird abundance), or lack-of-fit in the
log-linear relationship (perhaps because the species-abundance distribution is not exactly log-
normal). Alternatively, it is also not clear that Preston intended his model to explain all variance
in richness. For example, Preston did not address the factors that cause geographic gradients in

richness. More study will be needed to identify the source of this statistical effect.

Is it possible that the causal effect is actually from richness to rarity

(Environment—N—¢), rather than our hypothesized pathway from rarity to richness
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(Environment—¢—N)? In principle, one could create a new model by reversing the direction of
the arrow in the ¢—N pathway in the saturated model (i.e., with all possible links) in the center
column of Fig. 1, and then compare the modified model with the model from Fig. 1.
Unfortunately, there are insufficient degrees of freedom to compare two saturated models.
Comparing the sub-models consisting of our hypothesized pathway (Environment—¢—N) and a
competing sub-model with the causation reversed (Environment—N—¢), we found that neither
sub-model is consistent with the data: as Figure 1 showed, there is a direct link between
environment and richness. Moreover, neither sub-model is clearly superior in all data sets (Table
S2). Therefore, based on this analysis, we cannot unequivocally eliminate the competing

hypothesis that environment affects richness, which then affects rarity.

Although richness may be higher in more benign environments, why should these
environments allow for persistence of species at lower densities? In a sense, we have merely
pushed back by one step the question of the mechanism(s) that control(s) species richness. A
possible answer is found in the fluid nature of real-world species assemblages. While it is
convenient to treat a natural community as static and unchanging, a sample represents only a
snapshot of a continually changing and evolving network of species. One important factor that
contributes to this continual remodelling of the assemblage is local species extinction. Any given
species in an assemblage could become locally extinct, but what controls that probability? The
likelihood of extinction is known to be inversely correlated with population size, as rarer species
are, by definition, closer to becoming extinct than common ones (Pimm et al. 1988). An
interesting possibility is that the slope of probability of local extinction as a function of
abundance may vary among different environments and climates. While research has focused on

the possible correlates of extinction risk, the possible connection to resource availability or the
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favourability of the environment has not often been considered (Purvis et al. 2000, O’Grady et al.
2004). Boucher-Lalonde et al. (2014) found that the year-to-year risk of local extinction was
independent of climate in the Breeding Bird Survey data. They concluded that climate-
dependent extinction is not the driver of richness-climate patterns in North American passerine

birds. It is unknown whether this is also true for other taxa.

Colonization occurs alongside local extinction. If extinction is not climate dependent,
perhaps instead the minimum number of individuals that are necessary to successfully colonize a
new location is dependent on the favourability of the local environment. Schurr et al. (2007)
found that a plant’s colonization ability was a strong predictor of its ability to fill its potential
range. It is possible that it is easier for new species to invade established species assemblages in
benign environments because there are more different ways to survive physiologically than in
harsher environments (Kleidon and Mooney 2000). This climate-dependent colonization

hypothesis could be tested using the approach of Boucher-Lalonde et al. (2014).

An effect of rarity may not be the only possible interpretation of our data. Assume that
species-abundance distributions are indeed log-normal, as Preston states, or a similar but still
universally applicable distribution, as other authors have suggested (Hubbell et al. 2008, Chao et
al. 2015). Following Preston (1962), we focused on the abundance of the rarest species, but the
shape of the canonical log-normal is quite constrained. Consequently, m is strongly collinear
with other parts of the distribution (e.g., the abundance of the most abundant species in the
assemblage). We cannot eliminate the possibility that the observed relationships between
environmental variables and our rarity proxy, and between richness and our rarity proxy, depend
upon some other part of the distribution that is highly correlated with the left tail. Further

research, perhaps designed to focus more directly on the rarest species, will be needed to test this
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possibility. It is also important to note that despite the current study having been inspired by
Preston’s log-normal, its conclusions are not dependent on it, as log-normality is not an

assumption of any of the analyses.

We found that different taxa accumulate species at a given level of rarity approximately
in the same way (Figure 2). Although the slopes and intercepts do differ between datasets, these
differences add only a little explanatory power to a regression model of log(richness) as
portrayed in Figure 2. Site-level richness varies by about a factor of ~100, whereas expected
richness, given ¢, varies by about a factor of only ~2 among taxa. Differences in the rarity-
richness relationships among taxa are small. As far as we are aware, Preston never suggested that
his model should explain differences in richness among different taxonomic groups, yet his
model is presented as being universal. Nonetheless, it remains surprising to us that richness
relates to rarity very similarly taxa in different Kingdoms and in different biomes. What differs
most strikingly among the datasets is the amount of residual variation, with the tree datasets
(Gentry and Barva) having very little variation, and the animal datasets, much more (Figure 2).
This may reflect biological differences among the taxa, or methodological differences in the
sampling: in other words, whether tree richness responds to rarity with less variation, or if we are

simply able to capture and estimate the relationship better.

How do our findings fit into the larger picture of species richness gradients, among
Palmer’s (1994) list of over one hundred hypotheses? For example, Rahbek et al. (2006) found
that climate-richness patterns in South American birds mainly reflect the distributions of the
most common, widespread species. Small ranges do not overlap sufficiently to produce areas
with high species richness. This appears to contradict our focus on the rarest species. If richness

gradients result mainly from the distributions of the most common species, then rare species
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should have minimal influence. Note that the conclusions of Rahbek et al. (2006) were based on
patterns derived from overlapping range maps, rather than site-level sampling or survey
observations. Geographic variation in site-level richness is poorly related to range-map richness
(Hurlbert and White 2005; De Camargo and Currie 2019) because species do not occupy all sites
with their range. The datasets used in the present study characterize a-richness, or the actual
richness (the species that are observed at a location) while range-map data characterize v, the
regional richness, which represents the pool of species that could be observed at a location.
Range-filling can be quite low, quite variable, and potentially dependent upon historical factors

(Svenning and Skov 2004) and species characteristics (Schurr et al. 2007).

If we are to generate testable predictions about the mechanism behind species richness
gradients, we must acknowledge the inherent interaction between multiple effects. Therefore, we
present a possible model that seeks to unify several proposed theories into a larger framework
(Figure 3). Climate acts on rarity, and thereby on o richness, as proposed in the present study and
in Preston (1962). Climate also acts on vy richness, via range size effects mediated by the
physiological tolerances of the species concerned (Kleidon & Mooney 2000), and subsequent
overlapping of those ranges (Rahbek et al. 2006). Meanwhile, the relationship between the two
measures of richness is interactive, consisting of top-down processes such as range filling
(Cornell & Lawton 1992) and also bottom-up processes such as the introduction of exotic species
(Sax et al. 2002). The intention is not to propose this framework as a rigorously supported
model, but rather to fit our puzzle piece of rarity driving species richness gradients into the larger

body of literature.

The mechanism we have outlined has potential interest in the context of a changing

climate and an increasingly impacted planet. If, as we propose, richness depends upon rarity,
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then any changes due to human activity that threaten the rarest species, even only slightly
reducing their abundance or persistence, are likely to lead to overall species losses. Our data
align with the existing body of literature that emphasizes a focus on the rarest species, both as
those at greatest risk of extinction but also as indicators for the direction a natural community
could be heading (Ohlemuller et al. 2008, Leitao et al. 2016). Furthermore, if the rarity-richness
mechanism does indeed represent a piece of the process by which natural communities are
assembled, and how they change through time, its inclusion in predictive models should improve

our forecasts of species losses due to climate change.

In summary, our results provide a mechanism that may underlie many of the existing
hypotheses pertaining to gradients of species richness in local species assemblages. As
macroecology is already overburdened with hypotheses addressing the question of why some
places are more species-rich than others, we are pleased to suggest a possible connection
between them all. We do not establish why a specific climatic variable is related to richness, but
rather how it exerts the observed influence. Importantly, we propose a mechanism that leads to
testable predictions, the evaluation of which will provide benefits beyond the addition of one
more hypothesis to the crowd. Such predictions include that many areas currently losing species
should be those where the rarest species are being removed or put at risk, that effects of
environment and climate on richness not considered in the present study should also be found to
be mediated via rarity, and more broadly, that perhaps for any gradient of species richness in any
taxon, that is found to be meaningfully correlated with any variable, a portion of the relationship
will be mediated via rarity. It would be especially interesting to apply that third prediction to
non-environmental gradients such as those throughout time, or across space. These tests will

clarify how species accumulate in an assemblage, and perhaps more importantly, how they may
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be disappearing and could be expected to continue doing so. In a rapidly changing ecosystem,
understanding why some places are more species-rich than others is essential if we hope to keep

them that way.
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Tables and Figures

Table 1. The five datasets used in the analysis, the taxon and location they represent, and the
source of the data.

Dataset Taxon Gradient Location Source
Gentry Trees Climatic (temperature  Global, mostly in the Phillips & Miller 2002
and precipitation) neo-tropics
Barva Trees Elevational Barva volcano, Costa Lieberman et al. 1996
Rica (elevational
gradient)
Breeding Bird Survey Birds Vegetation cover North America Pardieck et al. 2019
Reef Life Survey Reef fish Temperature and Global, mostly in the Edgar & Stuart-Smith 2014
resource availability  tropics
(chlorophyll a)
Ocean Basin Benthos  Gastropods Depth North Atlantic Hessler & Sanders 1967
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Table 2. Variance explained (adjusted R?) by various regression models, for each of the five
datasets. Column headers indicate the regression, based on the following abbreviations: N =
species richness, E = environmental variable(s)?, I = total number of individuals, ¢ = proxy for
rarity. The symbol ~ denotes a general linear model. All models are significant except for where

indicated by an asterisk (*).

Dataset N~E N~I N~¢ N ~ ¢+l $~E I~E
Barva 0.94 0.08* 0.92 0.91 0.93 0.20*

Gastropods 0.36 0.14 0.39 0.76 0.16 0.26

Gentry 0.44 0.12 0.94 0.96 0.40 -0.02

Breeding Bird Survey 0.23 0.28 0.52 0.63 0.12 0.10
Reef Life Survey 0.32 0.28 0.59 0.77 0.23 0.09

a) Environmental variables for each dataset are as follows:
Barva = elevation,

Gastropods = depth,

Gentry = temperature and precipitation,

BBS = NDVI, temperature, precipitation,

RLS = temperature, chlorophyll a.
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Table 3. The variability in species richness, number of individuals (1), and ¢ (a proxy for rarity)
in each of the five datasets used in this study. Both the coefficient of variation and orders of
magnitude are measures of variability. The variable (I or ¢) with the highest variability in each
dataset is indicated in bold.

Coefficient of variation (SD/mean) as a percentage

Dataset Richness Individuals /)
Barva 44.2% 12.5% 59.7%
Gastropods 47.0% 245.5% 53.0%
Gentry 47.1% 25.9% 58.8%
Breeding Bird Survey 24.5% 54.4% 35.7%
Reef Life Survey 75.5% 176.0% 72.4%

Variation, Orders of magnitude

Dataset Richness Individuals /)
Barva 0.71 0.18 0.98
Gastropods 1.06 2.08 1.23
Gentry 1.24 0.60 2.17
Breeding Bird Survey 0.93 1.47 1.48
Reef Life Survey 1.93 2.61 1.46
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Figure 1. Competing path models for species richness, based on environmental variables (top),
rarity, and the number of individuals, for each dataset: a) Barva, b) Gastropods, c) Breeding Bird
Survey, d) Gentry, e) Reef Life Survey. The centre model includes all pathways, the left model
eliminates the direct effect of rarity on richness, and the right model eliminates the direct effect
of the environmental variable(s) on richness. The thickness of the arrows is proportional to the
effect size. All models were evaluated using the Bayesian Information Criterion (BIC). The
data have the highest likelihood of having been produced by the pathways shown in the path
model with the lowest BIC (shown in bold).
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Figure 2. The relationship between rarity and species richness in all five datasets, with each
point representing a single sampling unit (plot, route, site, etc.) and with each dataset
distinguished by color. Regression lines are shown in matching color. Note that both axes are
log-transformed.
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Figure 3. A proposed general framework that links the mechanism discussed in the current paper
to the literature.
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Table S1. Results of Komolgorov-Smirnov tests for log-normality in each of the five datasets.

Dataset K-S statistic p-value
Gentry 0.50 <2.2x107%°
BBS 0.60 < 2.2x1016
Reef Life 0.54 <2.2x107%°
Gastropods 0.53 < 2.2x10716
Barva 0.57 <2.2x10°1
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Table S2. Results of chi-square tests on two competing pathways- the sub-model of the main
path models that represents our main hypothesis, and one where rarity (¢) and richness (N) are
switched.

Dataset E—¢—N E—-N— ¢
12 p-value y2 p-value
Gentry 0.070 0.133
BBS 0.000 0.225
Reef Life 0.000 0.000
Gastropods 0.065 0.118
Barva 0.056 0.024
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Figure S1. The effects of varying the two free parameters, m and I, on Preston’s log-normal
distribution. m represents the abundance of the rarest species in the assemblage, and | represents
the total number of individuals. Octaves constitute twofold increases in the number of
individuals per species. Comparing the black curve to the red shows the effect of increasing N by
decreasing m; comparing the black curve to the blue shows the effect of increasing N by
increasing I.
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Figure S2. The bounds of the possible relationship between richness and singletons in a sample,
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Especially for low to medium numbers of singletons, the bounds on the possible values are quite
wide.
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Figure S3. The relationship between a theoretically computed m, based on equation (1), and our
proxy ¢, in each of the five datasets. The strong correlation justifies our use of the proxy to
estimate m. The correlation is negative because greater rarity is indicated by decreasing m, but by
increasing ¢.
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Appendix
GENTRY

call:
Tm(formula = (I(log(Richness))) ~ (I(log(rare_sing))) + (I(log(Individuals))),
data = GENrarefiedno0)

Residuals:
Min 1Q Median 3Q Max
-0.29005 -0.05433 0.00866 0.05944 0.60760

Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept) -0.41165 0.24902 -1.653 0.1
I(log(rare_sing)) 0.64955 0.01100 59.029 <2e-16 ***
I(log(Individuals)) 0.44340 0.04228 10.487 <2e-16 *

Signif. codes: 0 “***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.1117 on 146 degrees of freedom
Multiple R-squared: 0.9632, Adjusted R-squared: 0.9627
F-statistic: 1908 on 2 and 146 DF, p-value: < 2.2e-16

BBS

call:
Tm(formula = (I(log(Richness))) ~ (I(log(rare_sing))) + (I(log(Individuals))),
data = BBSrarefiedno0)

Residuals:
Min 1Q Median 3Q Max
-0.74159 -0.09317 0.01306 0.10662 0.76347

Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept) 1.519751  0.047289 32.14 <2e-16 **
I(log(rare_sing))  0.437433  0.008186 53.44 <2e-16 ***
I(log(Individuals)) 0.209994 0.007359 28.53 <2e-16 ***

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.1645 on 2654 degrees of freedom
Multiple R-squared: 0.6336, Adjusted R-squared: 0.6334
F-statistic: 2295 on 2 and 2654 DF, p-value: < 2.2e-16

RLS

call:
Tm(formula = (I(log(Richness))) ~ (I(log(rare_sing))) + (I(log(Individuals))),
data = RLSrarefiedno0)

Residuals:
Min 1Q Median 3Q Max
-1.28545 -0.20329 0.01185 0.21808 1.29843

Coefficients:

Estimate std. Error t value Pr(>|t])
(Intercept) 0.651797 0.062909 10.36 <2e-16 ***
I(log(rare_sing)) 0.589428 0.012353 47.72 <2e-16 ***
I(log(Individuals)) 0.242961 0.008019 30.30 <2e-16 ***

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 * 1
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Residual standard error: 0.3254 on 1128 degrees of freedom
Multiple R-squared: 0.7731, Adjusted R-squared: 0.7727
F-statistic: 1922 on 2 and 1128 DF, p-value: < 2.2e-16

GASTROPODS

call:
Tm(formula = (T(log(Richness))) ~ (I(log(rare_sing))) + (I(log(Individuals))),
data = OBGrarefiedno0)

Residuals:
Min 1Q Median 3Q Max
-0.57200 -0.15717 0.00919 0.18031 0.62291

Coefficients:

Estimate Sstd. Error t value Pr(>|t])
(Intercept) -0.22466 0.35016 -0.642 0.525
I(log(rare_sing)) 0.69493 0.06916 10.048 7.48e-12 ***
I(log(Individuals)) 0.36650 0.04837 7.578 6.98e-09 #***

Signif. codes: 0 “***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.2684 on 35 degrees of freedom
Multiple R-squared: 0.7739, Adjusted R-squared: 0.761
F-statistic: 59.91 on 2 and 35 DF, p-value: 5.005e-12

BARVA

call:
Tm(formula = (T(log(Richness))) ~ (I(log(rare_sing))) + (I(log(Individuals))),
data = BvVTrarefiedno0)

Residuals:
Min 1Q Median 3Q Max
-0.21218 -0.08619 -0.04703 0.09897 0.22685

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 0.72992 2.85731 0.255 0.805
I(log(rare_sing)) 0.61163 0.06672 9.167 1.62e-05 #***
I(log(Individuals)) 0.29028 0.43781 0.663 0.526

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1
Residual standard error: 0.15 on 8 degrees of freedom

Multiple R-squared: 0.9305, Adjusted R-squared: 0.9132
F-statistic: 53.59 on 2 and 8 DF, p-value: 2.327e-05
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