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Abstract.  Ecological patterns arise from the interplay of many different processes,
and yet the emergence of consistent phenomena across a diverse range of ecological systems
suggests that many patterns may in part be determined by statistical or numerical con-
straints. Differentiating the extent to which patterns in a given system are determined
statistically, and where it requires explicit ecological processes, has been difficult. We tackled
this challenge by directly comparing models from a constraint-based theory, the Maximum
Entropy Theory of Ecology (METE) and models from a process-based theory, the size-
structured neutral theory (SSNT). Models from both theories were capable of characterizing
the distribution of individuals among species and the distribution of body size among
individuals across 76 forest communities. However, the SSNT models consistently yielded
higher overall likelihood, as well as more realistic characterizations of the relationship
between species abundance and average body size of conspecific individuals. This suggests
that the details of the biological processes contain additional information for understanding
community structure that are not fully captured by the METE constraints in these systems.
Our approach provides a first step towards differentiating between process- and constraint-
based models of ecological systems and a general methodology for comparing ecological
models that make predictions for multiple patterns.

Key words:
theory; processes.

INTRODUCTION

Patterns of biodiversity that are aggregated across
large numbers of individuals often take similar shapes
across ecosystems and taxonomic groups (Brown 1995).
Understanding why such patterns seem to be universal,
for example the skewed distribution of individuals
among species (the species abundance distribution)
(Fisheretal. 1943, McGill et al. 2007) and the uneven al-
location of body size among individuals (the individual
size distribution) (Enquist and Niklas 2001, Muller-
Landau et al. 2006b), is one of the central pursuits of
macroecology (Brown 1999, McGill and Nekola 2010).

This task is not trivial because common patterns are
often associated with multiple models that have differ-
ent assumptions about mechanisms yet make similar or
even identical predictions (Frank 2014). For example,
more than 20 models exist for the species-abundance
distribution (SAD) all making realistic predictions with
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many rare species and a few abundant ones, but with
mechanisms ranging from purely statistical to popula-
tion dynamics to resource partitioning (Marquet et al.
2003, McGidll et al. 2007). Moreover, many macroeco-
logical patterns are not independent. For example, the
species-area relationship at small spatial scales can be
derived from the shape of the SAD and the level of
intraspecific aggregation (Harte 2011, McGill 2011),
while the SAD itself can be obtained as a spatially auto-
correlated sample from the regional species pool
(McGidll 2011). This combination of equivalent models
with different processes and interrelated patterns makes
determining process using a single pattern challenging
and instead calls for unified theoretical frameworks that
are capable of capturing multiple patterns as well as
their intercorrelations with a minimal set of assump-
tions (Marquetetal.2014).

Theories that have been proposed for macroecological
patterns tend to fall into two conceptually distinct catego-
ries (Brown 1999, Frank 2014). Similar patterns may arise
directly from fundamental ecological processes if the
same processes dominate across multiple systems.
Theories in this category include the theory of island bio-
geography (MacArthur and Wilson 1967), which
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explains the species richness on islands as the equilibrium
between immigration and extinction, and the neutral the-
ory of biodiversity (Hubbell 2001), which shows that
demographic stochasticity can lead to community-level
diversity patterns. Alternatively, patterns may arise as
emergent statistical phenomena with forms determined
primarily by some set of numerical constraints on the
system (Frank 2014), where processes operate only
indirectly through their effects on the constraints.
Theories built on constraints include the feasible set
(Locey and White 2013), and recent applications of the
maximum entropy principle to ecology (Shipley et al.
2006, Dewar and Porté 2008, Harte 2011). Neither of
these approaches relies on the operation of specific
processes but instead on the fact that many possible
combinations of processes and states of the system
produce similar empirical outcomes (Frank 2014).

In this study we examined two theoretical frameworks,
the Maximum Entropy Theory of Ecology (METE)
(Harte 2011) and the size-structured neutral theory
(SSNT) (O’Dwyer et al. 2009), which are two of the most
comprehensive theories in macroecology. Both theories
are able to predict two distinct sets of patterns, those of
biodiversity as well as body size and energy use. METE isa
constraint-based theory, where patterns arise as the most
likely (least biased) state of a community constrained by a
set of state variables, such as species richness, the total
number of individuals, and the total energy consumption
across all individuals. SSNT is an extension of the neutral
theory of ecology (Hubbell 2001) and is a process-based
theory, where the patterns arise as the steady state of a
dynamic system governed by individual birth, death, and
growth in size. Both theories make predictions for multi-
ple patterns of biodiversity as well as biomass and energy
use, providing a multifaceted characterization of commu-
nity structure.

We evaluated two existing models of METE and two
models that we derived for SSNT, to explore whether
community structure in biodiversity and body size can be
adequately captured by constraints or processes. One of
the METE models, ASNE (Harte 2011, see Methods
for details), has been shown in previous studies to
have mixed performance among its predictions
(Newman et al. 2014, Xiao et al. 2015), while the other
models have not been thoroughly tested with empirical
data. Using data from 76 forest communities we
examined the models’ ability to characterize three
major macroecological patterns and compared their
performance using a single joint distribution that
encapsulates these and other predictions as marginal or
conditional distributions. Direct comparison of multiple
models from the two theoretical frameworks, using a
large number of datasets and multiple empirical
patterns, allows strong inference to be made about the
relative performance of the models and, by extension,
the ability of current constraint-based and process-based
approaches to characterize community-level macro-
ecological patterns of diversity and body size.
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METHODS

Theoretical frameworks

This section briefly outlines the underlying assumptions
of METE and SSNT, and the specification of the two mod-
els under each theory. For mathematical configurations
and derivation of the predicted patterns, see Appendix S1.

Maximum Entropy Theory of Ecology (METE).—The
Maximum Entropy Theory of Ecology (METE) is a the-
ory built on the maximum entropy principle (MaxEnt;
Jaynes 2003). MaxEnt states that the least biased state of
a system is the one with the highest information entropy
(Shannon entropy). Given a set of constraints that the
system has to satisfy, this state can be obtained by opti-
mization using the method of Lagrange multipliers, with
no tunable parameters aside from the constraints.

Among existing applications of MaxEnt to ecology
(e.g., Shipley et al. 2006, Pueyo et al. 2007, Dewar and
Porté 2008), METE is arguably the most comprehensive,
encompassing three distinct branches of ecological pat-
terns — the spatial distributions of individuals and species,
the distributions of individuals among species and higher
taxonomic ranks, and the allocation of body size and
energy use at different taxonomiclevels. We examined two
existingmodels of METE, ASNE (Harteetal. 2008, Harte
2011), where the acronym stands for Area, Species,
Number of individuals, and Energy, and the newly devel-
oped AGSNE (Harte et al. 2015), where the additional
“G” stands for Genera or other higher taxonomic ranks
(family, order, etc.). In this study, we focused on the non-
spatial patterns in ASNE and AGSNE, which are pre-
dicted independently from the spatial patterns. In
non-spatial ASNE, the allocations of individuals and of
body size within a community are regulated by three state
variables: species richness S, total abundance N, and total
metabolic rate within the community £, . Non-spatial
AGSNE requires an additional input G for a higher taxo-
nomic group, which we took to be the number of genera
within the community.

Size-structured neutral theory (SSNT).—Size-struc-
tured neutral theory (SSNT) is an extension of Hubbell’s
neutral theory of ecology (NTE; Hubbell 2001). In NTE,
macroecological patterns emerge as the steady state of the
community where individuals go through the processes
of birth, death, and speciation. SSNT introduces a size
component into NTE, where the size of each individual
increases through time. Ontogenetic growth thus intro-
duces variation in individual sizes, and also variation in
the average size and total biomass across different spe-
cies. The structure of the community in SSNT is gov-
erned by the forms and values of the three demographic
parameters b (birth rate), m (mortality rate), and g (rate
of growth).

We examined two realized models of SSNT. In the sim-
plest model (SSNT_N, with “N” for neutral), all three
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Data

We used forest census data to empirically evaluate the
models. This type of data consistently includes individual
level size measurements, allowing the compilation of large
numbers of communities with the necessary information
for fitting and evaluating the models. Forest data sample
allindividuals of every species down to a certain minimum
size, thus avoiding issues with not detecting juvenile
organisms (other than those below the minimum size),
which may bias the empirical size distributions. In addi-
tion, determinately growing organisms (e.g., birds and
mammals) often exhibit multimodal ISDs (Ernest 2005,
Thibaultet al. 2011), whereas the ISDs for trees are in gen-
eral monotonically decreasing (Enquist and Niklas 2001,
Muller-Landau et al. 2006b), and therefore consistent
with the qualitative form predicted by the four models
(Table1).

We combined the data compiled by (Xiao et al. 2015),
which encompassed 60 forest communities worldwide,
with data on 20 additional communities from (Bradford
etal.2014). Allcommunities have been fully surveyed with
species identity and measurement of size (diameter or
equivalent) for each individual above community-specific
size thresholds (ranging from 10 to 100 mm). In cases
where multiple surveys are available for a community, we
used those from the most recent survey unless otherwise
specified. We excluded individuals that were not identified

TaBLE 2. Summary of datasets.
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to genus or species, and removed four communities in
(Xiao et al. 2015) from our analysis where >10% of the
individuals were not identified to genus. We also excluded
individuals that were dead or missing size measurements,
as well as those with sizes below or equal to the specified
threshold, since not all individuals in these size classes
were included in the surveys. Overall the compilation
encompasses 76 communities with 2030 species and
378806 individuals from four continents (Asia, Australia,
North America, and South America) (Table 2).

Analyses

We applied the four models to each empirical commu-
nity, and examined their abilities to characterize
community structure in abundance and body size.
Diameter values in each community were rescaled as
D= Dmgiml/Dmin, where D, is the diameter of the smallest
individual in the community after the exceptional individ-
uals were excluded (see 2. Data), so that D has a minimal
value of 1 in each community following METE’s assump-
tion (see Harte 2011). Although SSNT does not make such
an assumption on minimal size, it predicts the ISD to be an
exponential distribution (Table 1), the fit of which is unaf-
fected by this transformation of D. Multiple branches
from the same individual were combined to determine the
basal stem diameter with the pipe model, which preserves
the total area as well as the metabolic rate of the branches

Area of Individual Number
Dataset Description Plots (ha) of Plots Survey Year References
CSIRO Tropical rainforest 0.5 20 1985-2012* 1
Serimbu Tropical rainforest 1 1 1995% 2-5
La Selva Tropical wet forest 2.24 5 2009 6,7
Eno-2 Tropical moist forest 1 1 2000-2001 8
BCI Tropical moist forest 50 1 2010 9-11
DeWalt Bolivia forest plots Tropical moist forest 1 2 N/A 12
Luquillo Tropical moist forest 16 1 1994-1996% 13, 14
Sherman Tropical moist forest 5.96 1 1999 15-17
Cocoli Tropical moist forest 4 1 1998 15-17
Western Ghats Wet evergreen/moist/dry 1 34 1996-1997 18
deciduous forests
UCSC FERP Mediterranean mixed 6 1 2007 19
evergreen forest
Shirakami Beech forest 1 2 2006 4,5,20
Oosting Hardwood forest 6.55 1 1989 21,22
North Carolina forest plots M}xed hardwoods/pine 1.3-5.65 5 1990-1993§ 23-25
orest

Notes: 'Bradford et al. 2014, 2Kohyama et al. 2001, *Kohyama et al. 2003, “*Lopez-Gonzalez et al. 2009, *Lopez-Gonzalez et al.

2011, *Baribault et al. 2011a, "Baribault et al. 20115, *Pitman et al. 2005, °Condit 1998«, '"Hubbell et al. 1999, "Hubbell et al.
2005, *DeWalt et al. 1999, *Zimmerman et al. 1994, “Thompson et al. 2002, '*Condit 1998b, '*Pyke et al. 2001, Condit et al.
2004 '*Ramesh et al. 2010, Gilbert et al. 2010, *Nakashizuka et al. 2003, >'Reed et al. 1993, >?Palmer et al. 2007, *Peet and Chris-
tensen 1987, *McDonald et al. 2002, >Xi et al. 2008.

*We chose the most recent survey in each plot before documented disturbances.

+One plot has a more recent survey in 1998, however it lacks species ID.

tWe chose Census 2 because information for multiple stems is not available in Census 3, and the unit of diameter is unclear in
Census 4.

§We chose survey individually for each plot based on expert opinion to minimize the effect of hurricane disturbance.
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(Ernest et al. 2009). Predictions of the models in each
community were obtained with the variables S, N,
and Eygrg=,; D? for ASNE, G, S, N, and E,, for
AGSNE, S, N, and Eggnt n=,; D; for SSNT_N, and
S, N,and Eggny v =Y, D> for SSNT_M.

As an overall measure of model performance, we define
the jointdistribution P(n, D,, D,, ..., D,) as the probability
that a species randomly selected from the community has
abundance 7, while individuals within the species have
diameter D/s with i ranging from 1 to n. This distribution
combines all three macroecological patterns, where the
SAD is the marginal distribution of n with D/’s integrated
out from P(n, D,, D,, ..., D)), the ISD is the marginal
distribution of D, and the SDR is the expectation of the
conditional distribution of D, given n. The form of this
joint distribution predicted by each of the four models
islisted in Table 3 (see Appendix S1 for derivations).

We first compared the performance of the four models
using the likelihood of P(n, D, D,, ..., D,) in each com-
munity, then examined each of the three macroecological
patterns individually. To quantify the predictive power
of the models, we converted the SAD and the ISD into
rank values, where the abundance of species or the diam-
eter of individuals were ranked from the highest to the
lowest, and the value at each rank was compared to the
models’ predictions. For example, for the SAD we com-
pared the predicted versus observed abundances of the
most abundant species in the community, the second
most abundant species, all the way down to the least
abundant species (Harte 2011, White et al. 2012, Xiao
et al. 2015). For the SDR, we compared the observed
average metabolic rate (D’?) within each species to those
expected from the models. The explanatory power of the
models for each pattern was quantified using the coeffi-
cient of determination R’:

R Zillogi(obs) —logy,(pred))*

- 2

2 [logio(obs)) —log,o(obs))

where obs, and pred, were the ith value of abundance or
size (diameter for the ISD, metabolic rate for the SDR) in
the observed and predicted ranked distributions,
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respectively. Note that it is possible for the coefficient of
determination to be negative, which indicates that the pre-
diction is worse than taking the geometric mean of the
observed values. Finally, we examined if the empirical pat-
terns were significantly different from the models’ predic-
tions by bootstrap analysis (Clauset et al. 2009, Connolly
et al. 2009, Xiao et al. 2015), where we generated random
samples from the predicted patterns and quantified their
deviation from the predictions (pred,’s) using both R? and
the Kolmogorov—Smirnov statistic, which were compared
with empirical deviations (Appendix S2).

Python Code to fully replicate our analyses is
deposited in the Dryad Digital Repository (doi:10.5061/
dryad.93ct6).

REsuLTS

The log-likelihoods of the joint distribution P(n, d,, d

., d)) of the SSNT models are higher than those of the
METE models in all 76 communities (Fig. 1), which
implies that SSNT models consistently do a better job
characterizing the overall community structure in the allo-
cations of individuals and of body size. Comparing
models under the same theoretical framework, the log-
likelihood of AGSNE is higher than that of ASNE in all 76
communities, while the log-likelihood of SSNT_M is
higherthan SSNT_Nin 59.

Further examination of individual patterns show that
the models predict nearly identical forms for the SAD (i.e.,
upper-truncated log-series in ASNE, near log-series in
AGSNE (Harte et al. 2015), untruncated log-series in
SSNT_N and SSNT_M; see Table 1), which not surpris-
ingly translates into equally good performance when eval-
uated with empirical data (Fig. 2, first column). All four
models are also able to characterize the ISD reasonably
well with high predictive power (R’ o = 0.89,
R, =090, R = 0.86, R\, = 0.96). Three of
the models show systematic deviations for the largest indi-
viduals, however, with the two METE models tending to
over predict the size of the largest individualsand SSNT_N
tending to under predict (Fig. 2, second column).

The discrepancy of the two sets of models lies mainly in
their predictions of the correlation between individual body

TaBLE 3. Joint distribution P(n, D, D,, ..., D)) for the four models. Z in AGSNE is a constant. See Table 1 for the interpretation
of the other symbols and parameters, and Appendix S1 for derivations.

Model Predicted joint distribution
1 2nA,DehnP;
ASNE P D,,D,,...,D, )= =(Ai+a;)n i
asnE (1:D1,Ds, ... D) PR [lle—/lan_e—/lanw:TE
AGSNE  Pacsne ("=DhDZ=---7Dn)_<zs) [CDAGSNF(”)]I H (S+1) 15+ S5 where 1 (D) = e~ Hi+4m+4nD)
n n
SSNT_N  Pggyr & (m.D1.D,,....D,) =————— o H e (P l)
N log 1 —7) ]
1 1 _(D?
SSNTM P mDy,D,, ...,D,)=—————— e i =h. prifA
— SSNT_N ( 122 n) log (1 —Tl) H 3
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Fic. 1. Comparison of the log-likelihood (/) of the joint
distribution P(n, d,, d,, ..., d ) for the four models in each of the
76 forest communities. / of AGSNE, METE_N, and METE_M
are compared with that of ASNE, which has the lowest
likelihood in all communities. The diagonal line is the one-to-
one line. For better visualization, / is transformed to —log(—/),
which is a monotonic transformation that does not change the
position of the points with respect to the diagonal line. Note that
values of / depend on the number of individuals within the
community, and thus are not comparable across communities.

size and species abundance. The two METE models both
predict thatindividual body size depends on the species that
the individual belongs to — in ASNE average individual
body size is negatively correlated with species abundance
(Harte 2011), whereas in AGSNE it is negatively correlated
with both species abundance and number of species within
genus (Harteetal. 2015). The SDR predicted by ASNE has
been shown to be unrealistic in plant communities
(Newmanetal. 2014, Xiaoetal. 2015), and our results show
that AGSNE improves ASNE’s prediction only marginally
(R =211, R, s = —2.00). SSNT, on the other hand,
predicts that there is no correlation between individual size
and species characteristics, leading to better, but still far
from good, agreement with empirical data for the SDR
(Rgr = 0.09, R 1 = 0.02). These results are robust
when the two models are examined in each of the 76 com-
munities individually (Fig. 3) — the four models yield nearly
identical R’ values for the SAD and comparable R’ values
for the ISD across communities (with SSNT_M having the
highest predictive power on average), while the two SSNT
models consistently outperforms the two METE models for
theSDR.

The bootstrap analysis (Appendix S2) shows that the
discrepancy between the models’ predictions and the
observations for the ISD is almost ubiquitously higher
than expected from random sampling in all four models.
This suggests that none of the models is able to fully
capture the observed variation in the size distributions of
individuals, despite their high predictive power. A similar
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pattern is observed for the SDR predictions for the
METE models. In contrast, despite the low predictive
power, SDR predictions for the two SSNT models
suggest that the majority of the communities are
indistinguishable from random samples of the predicted
pattern (Figs. B3, B4). This implies that SSNT’s
prediction of no correlation between species abundance
and individual body size is more or less accurate.

DiscussioN

In this study, we compared the performance of METE
(Harte 2011) and SSNT (O’Dwyer et al. 2009), two of the
most comprehensive theories to date in macroecology,
using two realized models for each. Both theories attempt
to unify multiple aspects of community structure under a
single theoretical framework, predicting patterns of biodi-
versity as well as patterns of energy consumption and
body size. Using data from 76 forest communities world-
wide, we showed that the two models of SSNT consistently
provide a better characterization of overall community
structure than the two models of METE (Fig. 1). This dis-
parity results primarily from the ability of SSNT_N and
SSNT_M to more accurately characterize the relationship
between species abundance and body size distributions
within species, whereas the predictions of ASNE and
AGSNE on this relationship deviate from empirical pat-
terns (Newmanetal. 2014, Xiaoetal. 2015).

By comparing multiple competing models on multiple
predictions simultaneously using an extensive set of data,
our study achieves the strongest level of model evaluation
suggested by McGill et al. (2006), and provides insights
into the role of the underlying mechanisms of the theories.
In METE, the macroecological patterns arise as the most
likely state of the system assuming that the system is con-
strained by a small number of state variables. METE
makes no explicit assumptions about ecological processes,
leaving their influence to operate indirectly through their
potential effects on the values of the state variables. In
SSNT, patterns emerge directly from the interactions of
the demographic processes including birth, death, and
growth. The fact that SSNT performs better than METE
suggests that the demographic processes contain meaning-
ful information that helps to characterize the patterns, the
effect of which is not currently captured by the state-
variable based models.

Although the differences between the models are
important, the fact that all four models are capable of ad-
equately characterizing the shapes of the SAD and the
ISD across a large number of communities with simple
assumptions and limited inputs is impressive. Moreover,
the maximum likelihood parameters for SSNT_N and
SSNT_M are also fully determined by S, N, and E (see
Appendix S1), so that these variables serve as summary
statistics for the demographic parameters. These results
imply that METE and SSNT contain overlapping infor-
mation. Although these demographic processes explain
a higher proportion of the variation in the empirical
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FiG. 2. Comparison of the performance of the four models for each of the three macroecological patterns. Each point in the
subplot represents the abundance of one species in a community for the SAD, the diameter of one individual in a community for the
ISD, and the average metabolic rate (squared diameter) within one species in a community for the SDR. The colors represent
density of the points, where warmer (redder) colors correspond to denser regions. The diagonal line represents the one-to-one line
between the predicted values and the observed values.
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patterns, their effects are likely to
channeled through the constraints.

Our study is one step towards the goal of disentangling
the effects of different mechanisms on macroecological
patterns. Though we have adopted model comparison for
stronger inference, we do not advocate rejecting the theo-
retical framework (METE) with the poorer fitting models
or its underlying constraint-based view as a potential
explanation for patterns. There are three reasons for be-
ing cautious about over interpreting these results. First,
METE and SSNT are general theories built on first princi-
ples, whereas our conclusions are limited to their current
realized models based on specific assumptions. Models
under the same theoretical framework yield different pre-
dictions with different assumptions and inputs, which can
be evaluated with empirical data and improved with addi-
tional information. This is demonstrated in our study by
comparing the two models from the same theory — with an
additional constraint G, AGSNE has consistently higher
likelihood than ASNE (Fig. 1), while incorporating infor-
mation from the metabolic theory in SSNT_M eliminates
the systematic deviation in the predicted ISD (Fig. 2).
Future models will likely be developed with alternative
implementations leading to new and/or improved
predictions.

Second, our inference is limited by the scope of the
data. Though the models have the potential to be applied
to a wide variety of systems, we focused exclusively on
trees, where data of full surveys are readily available with
species identity and body size for all individuals.
Although our results are consistent across forest commu-
nities of different types and sizes (Fig. 3), it remains to be
seen if they can be generalized to other taxa. Previous
studies suggest that the size distributions predicted by
ASNE and AGSNE may be more accurate when applied
to invertebrates (Harte 2011, Harte et al. 2015). Third,
patterns that can be unified under the same theoretical
framework do not necessarily have to arise from the same
underlying mechanism. Indeed, there is increasing evi-
dence that the SAD is driven by statistical properties of
the system (White et al. 2012, Locey and White 2013,

at least be partially

Blonder et al. 2014), while patterns that show spatial or
taxonomical variation, such as the patterns of body size,
are more likely to be tied to ecological processes (Blonder
etal.2014).

One weakness prevalent across all four models is their
inability to characterize the SDR, the relationship
between species abundance and the body size of individ-
uals within species, despite their success in inde-
pendently predicting the distribution of individuals
among species and the allocation of body size among
individuals. Our results agree with previous studies
showing that the SDR exhibits significant variation at
the local scale (Lawton 1990, Cotgreave 1993), not
strongly abundance-dependent as the METE models
predict. The prediction of the SSNT models that the
SDR results from random draws is more in line with
empirical observations (Appendix S2), but they too lack
predictive power (Fig. 2). Although part of the variation
may result from the limitation of data we used, e.g., spe-
cies having different growth rates were surveyed at dif-
ferent life stages, it could also indicate species-specific
size biases in resource use (White et al. 2007). One poten-
tial remedy that may improve the predicted SDR as well
as lead to additional predictions is to take an approach
alternative to the two that we have addressed, and model
macroecological patterns by directly stacking models of
individual species. This approach has shown promise in
predicting other patterns, such as biodiversity across
space (Guisan and Rahbek 2011, D’Amen et al. 2015).
Similar models could potentially be developed to model
the abundance and body size of species based on their
traits, and to obtain the macroecological patterns from
the species-level predictions. Such models will likely sac-
rifice parsimony for accuracy, however, and require a lot
more parameters than the models that we examined.

Another potentially fruitful route to push the two the-
ories forward is to unify the constraint- and the process-
based approaches, which have generally been adopted by
distinct theories but do not necessarily have to be mutu-
ally exclusive. Results of our study imply that part of the
effects of the demographic processes propagate through
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the constraints, while other studies (e.g., Haegeman and
Etienne 2010) state that different configurations for the
same set of constraints can often be tied to (and may
eventually be informed from) process-based mechanistic
models. Indeed, an exciting new model is being developed
where the maximum entropy principle is combined with
demographic processes to characterize not only the
steady state but also temporal dynamics of a system
(Umemura and Harte 2015). The attempts to model eco-
logical systems completely with constraints or processes
may thus represent two extremes of a continuous spec-
trum, along which multiple models exist that lean
towards one approach or the other, yet all provide ade-
quate characterization of the system if properly formu-
lated. We look forward to future studies that combine
new theoretical development with strong empirical tests
to further elucidate the entangled effects of constraints
versus biological processes in structuring ecological
systems.
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