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A major issue in modern ecology is to understand how ecological
complexity at broad scales is regulated by mechanisms operating
at the organismic level. What specific underlying processes are
essential for a macroecological pattern to emerge? Here, we
analyze the analytical predictions of a general model suitable for
describing the spatial biodiversity similarity in river ecosystems,
and benchmark them against the empirical occurrence data of
freshwater fish species collected in the Mississippi–Missouri river
system. Encapsulating immigration, emigration, and stochastic
noise, and without resorting to species abundance data, the model
is able to reproduce the observed probability distribution of the
Jaccard similarity index at any given distance. In addition to
providing an excellent agreement with the empirical data, this
approach accounts for heterogeneities of different subbasins,
suggesting a strong dependence of biodiversity similarity on their
respective climates. Strikingly, the model can also predict the
actual probability distribution of the Jaccard similarity index for
any distance when considering just a relatively small sample. The
proposed framework supports the notion that simplified macroeco-
logical models are capable of predicting fundamental patterns—a
theme at the heart of modern community ecology.

macroecology � river networks � Jaccard index �
average annual runoff production � Mississippi-Missouri basin

The fundamental mechanisms that underlie emergent biodi-
versity patterns are the fabric of the large canvas of ecolog-

ical complexity (1–5), whose functioning across spatial and
temporal scales is still challenging modern ecologists (6, 7).

River ecosystems, like tropical forests, constitute an invaluable
source of species diversity whose study can shed light on these
puzzling issues (8), and whose insights will in turn resonate in the
conservation biology of freshwater fauna suffering extinction rates
comparable to the species decline in tropical rainforests (9). Riv-
erine ecology has recognized the importance of geomorphology for
biodiversity (10): on the one hand, ecologists have investigated the
role of branches (11–13) and riparian zones (14) as primary habitats
as well as the importance of tributaries (15) in sculpting species
diversity (16, 17); on the other hand, theoretical studies have looked
into possible implications of dendritic networks (18) on population
persistence (19), species richness, and spatial turnover (20). Recent
advances have also pointed out that simplifying neutral assumptions
can reproduce important macroecological patterns in such den-
dritic structures (21).

Indeed, despite the fact that biodiversity similarity among
habitat patches is crucial to dispersal, speciation, and adaptation
to climate diversity at large scales (22) and can also be related
to species richness (23, 24), it is not well understood yet. Here,
we develop an analytical model suggesting that essential features
of biodiversity similarity in river ecosystems may be captured by
using only the occurrence data of species.

Our dataset pertains to the basin of the Mississippi–Missouri
River System (MMRS), one of the largest in the world, covering
�3 million km2. It presents a formidable array of different biotic
habitats ensuing from both natural environmental forcing and

anthropogenic influence. Its network topology can be thought of
as an assembly of connected local communities (LCs) (see SI),
in which the distance is measured in link units (topological
distance), so that distance increases by one link unit when
traveling from one LC to its neighboring LC in the network. Any
LC is defined by a direct tributary area, i.e., a local area draining
directly to a group of streams (see SI).

Modeling Spatial Biodiversity Similarity
The characterization of biodiversity similarity among different
LCs of the river network is carried out within a stochastic
ecological framework (25–29) that allows us to formulate an
analytically tractable model. We focus mainly on the study of a
random variable, J(d), the relative fraction of common species
between 2 LCs at distance d � 0, 1, 2, … in link units. It was
observed that stream flow directions do not play a significant
role in the dispersal of fish species in the MMRS (21), and
therefore distances can be considered along undirected links.
Experimentally, we measured J(d) by means of the Jaccard
Similarity Index (JSI), which is defined as the ratio of the number
of species shared by 2 LCs at distance d to the number of species
present in either one of them.

In principle, one should consider a JSI that depends explicitly
on the specific spatial location of the given LCs, rather than
simply on the distance between them, because of their different
environment, climate, etc. However, we assume here that the
observed variations among pairs of LCs at the same distance are
to be seen as fluctuations mainly due to the stochasticity, whose
physical origin rests on climate gradients and different local
environmental conditions. This assumption turns out to be
crucial for the tractability of the model and for its predictive
power. Thus, bearing in mind these considerations, one expects
3 kinds of contributions to the time variation of J(d, t), i.e., the
JSI at time t between 2 particular LCs that are distance d apart
[note that J(d) is equivalent to J(d, t3 �)]. The first contribution
is simply due to stochastic environmental f luctuations that are
unavoidable and are represented by a noise term �(t), which is
assumed independent of any spatial location and has amplitude
�D. The second contribution introduces loss of common species
and is represented by �kJ(d, t), with the proportionality constant
independent of the distance d. This term brings about a reduc-
tion of common species as long as at least 1 species is shared by
the pair of LCs. The third contribution, f(d), is independent of
J and comes from the mutual influence of the other LCs around
and between the 2 considered LCs. This term favors the presence
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of common species and is the only contribution that depends
explicitly on the distance d. These considerations lead to the
following stochastic equation for the similarity index J(d, t)

dJ�d , t�
dt

� f�d� � kJ�d , t� � �� t� , [1]

where �(t) is a Gaussian white noise with zero mean and
autocorrelation function ��(t)�(t	)
 � 2D�(t � t	), and D does not
depend on time or distance. As we will show later, within our
framework the dependence on basin heterogeneities can be
accommodated by the parameter k and the d dependence of f(d).
Eq. 1 defines our model for the spatial biodiversity similarity and
leads to the following stationary probability density function (see
Methods) for the index J at distance d (link units)

p�J�d� �
2�

��

exp �� � ��d�

2�
� �J� 2�

erf � ��d�

2�
� � erf � ��d�

2�
� �� , 0 	 J 	 1

[2]

where erf(x) � 2/��� 0
x e�t2

dt, �(d) � f(d)/D, and � � �k/2D
are dimensionless parameters. In the following, we will show that
upon a proper definition of �(d), Eq. 2 actually captures the
distribution of the JSI throughout the river basin.

Eq. 1 describes the evolution of the entire set of species shared
by any pair of LCs at distance d. In general, any species
constituting this set may have different dispersal abilities, growth
rates, and niche characteristics: 2 species might be common to
distinct LCs although they migrate or give birth to their offspring
with unequal probabilities. This observation suggests that the
model can account for biodiversity similarity in a wide array of
ecosystems, without assuming neutrality across species (30–32).
Some of the previous studies, where analytical results were
obtained, are based on the neutral hypothesis (33, 34), although
it is not always necessary to get exact results on the spatial
turnover of species (35, 36). The analysis of this latter, however,
hinged so far on the abundance of each species across a
2-dimensional landscape: This provides a detailed description of
biodiversity similarity distribution in space. Unfortunately, spe-
cies abundances are not easily available or reliable from empir-
ical data. Our approach is concerned with the number of
cooccurring species in a pair of LCs, regardless of their popu-
lation or ecological behavior, and the form of f(d) can be suitably
adapted to account for different configurations. Thus, some
generality is suggested for the general framework described by
Eq. 1.

Next, we address the issue of a proper definition of �(d), which
we will consider a continuous function of d, even though d can
take on only discrete values. First, owing to physical reasons, one
expects that �(d) is a decreasing function of d because the
greater the distance, the smaller the number of common species
between LCs. Second, owing to theoretical reasons, one should
attain limd30�(d) � �, because by definition the probability
p(J d) must be such that limd30p(J d) � �(J � 1), where �(J � 1)
is a Dirac delta distribution. Thus, one of the simplest choices
that accounts for both considerations is �(d) � ��1/d  �0 � �1d,
where ��1, �0, and �1 are positive real constants. We assume that
if the above form of �(d) is extrapolated at very large distances,
the number of common species would be negligible. However,
the model can easily be modified to accommodate cases in which
the biodiversity similarity does not necessarily vanish at large
distances.

Note that this choice of �(d) allows one to define a mixing
distance, dm, through the condition �(dm) � 0: The mixing
distance measures the range within which LCs can effectively

share fish species. Large values of dm with respect to the size of
the system indicate the presence of well-mixed LCs and hence
high similarity. In the case of the MMRS we obtained dm � 25
links, where the maximum pairwise distance is 46 links. When
the distance between a given pair of LCs is below the mixing
distance, �(d) � 0 and the contribution to the JSI is mainly due
to the LCs that are close to both LCs and thus give rise to a net
immigration of common species. As the distance increases
beyond the mixing distance, �(d) becomes negative because the
LCs close to each of the 2 given LCs have themselves less and less
common species (they are far away) and thus contribute nega-
tively to the flux of common species.

One can calculate all the moments of the distribution defined
in Eq. 2. In particular, the mean of J between 2 LCs at distance
d, �J(d)
 � �0

1 Jp(J d)dJ, is given by

�J�d�
 �
��d�

2�2 �
1

���

exp �� � ��d�

2�
� 2

� �2� �e�2
� e��d��

erf � ��d�

2�
� � erf � ��d�

2�
� �� .

[3]

When setting �(d) � ��1/d  �0 � �1 d, then limd30�J(d)
 � 1
and limd3��J(d)
 � 0. Although the qualitative behavior pre-
dicted by Eq. 3 is in agreement with previous studies (37), the
actual form is quite different from a simple exponential or a
compound exponential (31). The standard deviation has a rather
cumbersome expression, but for small distances, when the
stochasticity is not overwhelming, one can simply estimate

J(1) � 1/�2�, which allows one to calculate � from empirical
data.

Results
Analyzing Data. The freshwater fish data of the United States
were obtained from the NatureServe database (38) and were
compiled over a period of several years (1997 to 2003). The
empirical data we used in the analysis of the MMRS consist of
824 connected LCs in which the presence or absence of 433
freshwater fish species is recorded (see SI). The parameter � was
calculated from the relation � � 1/�2
J

emp(1) � 4.23, where

J

emp(1) is the standard deviation of the empirical J at distance
1 link unit, i.e., J(1). With this value of �, the other 3 parameters
were fitted to data on the mean similarity vs. distance, i.e., Eq. 3,
through the method of least squares. We have obtained ��1 �
6.23, �0 � 16, �1 � 0.66, the 95% confidence intervals on the
fitted parameters are [5.60,6.87], [15.66,16.32] and [0.64,0.68]
respectively; R2 � 0.998. Fig. 1 shows the results one gets when
using this fitting procedure. The standard deviation in the Inset
of Fig. 1 and the distributions p(J d) at some selected distances
in Fig. 2 were obtained with the same values of the parameters
already estimated from the mean JSI (see SI). In all cases the
agreement between the empirical data and the theory is remark-
ably good: the coefficients of determination (see Methods) for
the profiles of mean JSI and its standard deviation are 0.998 and
0.713, respectively; the mean R2 for the empirical and predicted
distributions p(J d) is 0.971 (see SI).

Discussion
Biodiversity Similarity and Climate. It is worth noting that, even
though the MMRS spans greatly varying environmental habitats,
over large scales, all heterogeneities are expected to be smoothed
out as far as biodiversity similarity is concerned. We also carried out
a similar analysis on 2 different subbasins belonging to the MMRS,
namely the Missouri and Ohio river basins: Although still large, they
have smaller drainage areas and are more spatially homogenous in
their average annual runoff production (AARP), with the Missouri
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being drier, on average, than the Ohio river basin (39). Indeed, the
model can effectively capture the distribution in both subbasins and
interestingly suggests a strong climatic control on the characteristics
of biodiversity similarity (see Fig. 3). The form of �(d) is the same
for both subbasins, but the climatic heterogeneity mostly affects the
parameters ��1, �0 and �, leaving �1 quite constant. The obtained
parameters for the Ohio basin are ��1 � 14.72, �0 � 34.40, and �1 �
0.57; the 95% confidence intervals on the fitted parameters are
[11.33,18.11], [32.60,36.21], and [0.46,0.69], respectively; � � 6.10
from empirical data (R2 � 0.971). The obtained parameters for the
Missouri basin are ��1 � 5.58, �0 � 9.91, and �1 � 0.62; the 95%
confidence intervals are [4.48,6.67], [9.21,10.61], and [0.56,0.67],
respectively; � � 3.66 from empirical data (R2 � 0.991) (see also
Fig. 3). It turns out that the subbasin with the highest biodiversity
similarity (Ohio) has also the greatest values of ��1, �0, and �: This
implies a slower decay of the mean JSI with a narrower peak of its
distribution, because the standard deviation at any distance is
smaller with respect to the other basins (see Fig. S5 in SI).
Furthermore, the Ohio River basin has the greatest mean regional
AARP as well as the largest mixing distance (dm � 60 links). The
shallower slope of its �J(d)
 profile is due to well-mixed LCs, in
which most abundant species are also widespread, presumably
supported by more resources. On the contrary, the Missouri River
basin has the smallest mean regional AARP as well as the smallest
values of ��1, �0, and � and mixing distance (dm � 16 links). Its
steeper slope indicates that LCs share mostly local species, sup-
ported by lower resources or habitat capacities. These findings are
consistent with other studies on tropical forest trees (40), which
have documented a direct role of moisture availability in species
distribution and community composition (41).

Predicting Biodiversity Similarity. We address now the question of
the predictive power of the model, i.e., how large the sample size
(number of randomly selected LCs) should be to make reliable
inferences about the biodiversity similarity distribution of the
entire MMRS. Because the parameter � can be directly esti-
mated from the standard deviation at 1 link unit away, we

implement a protocol that accounts for that and effectively
extracts all of the information the model needs for the other
parameters. This calls for a reliable estimation of J(1) that one
uses to determine 
J(1). Thus, when randomly picking a LC in
a sample, in our protocol we also include one of its nearest LCs
(chosen at random), if that neighboring LC is not already
included in the analysis. This procedure provides the best
estimate of the parameters for a given sample size and can be
practically implemented in the field. Furthermore, because the
pairwise distribution peaks at intermediate distances (see SI),
for a given sample size such protocol ensures the maximum
reliability of �J(1)
 and 
J(1) along with �J(d)
 for intermediate
ds. This eventually turns out to be very helpful in estimating the
general shape of �J(d)
 over the entire range of d. We applied the
procedure for a given sample, gradually increased the sample
size and then investigated the minimum number of selected LCs
above which the physical parameters dm and � become stabilized
(see SI). Finally, to quantify how close the profile predicted from
a given sample size is to the actual �J(d)
 profile, we used the
coefficient of determination R2 (see Methods).

10 20 30 40
d

0.2

0.4

0.6

0.8

1

J d

10 20 30 40
d

0.1

0.2

0.3

0.4

0.5
σJ d

Fig. 1. The mean and standard deviation of the Jaccard similarity index (JSI).
The figure shows the mean JSI, �J(d)
, as a function of distance between LCs in
link units (1 link unit amounts to 100–200 Km). The solid line is the best fit with
Eq. 3 when using the least-squares method: The obtained parameters are
��1 � 6.23, �0 � 16, �1 � 0.66; the 95% confidence intervals on the fitted
parameters are [5.60,6.87], [15.66,16.32], and [0.64,0.68], respectively; R2 �
0.998. The black points and the gray error bars (ranging from the 25th to the
75th quantile) as well as the estimated � value of 4.23 are obtained from
empirical data. The solid line in the Inset is the standard deviation of the JSI,
calculated with Eq. 2, as a function of distance (same units), when using the
same best-fitting parameters of the mean JSI (R2 � 0.713). Notice that �J(0)
 �
1 and 
J(0) � 0, because p(J 0) � �(J � 1) by definition.
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Fig. 2. The probability distribution of the Jaccard similarity index (JSI) at
different distances. The graphs (Upper) show the conditional probability
density function for the MMRS, p(J d), that the fraction of common species is
equal to J between 2 LCs at several given distances (link units). The probability
distribution of the JSI at all distances are reported in SI along with the R2s. The
solid lines are given by the model as defined in Eq. 2, whereas the black points
are the empirical data. The coefficients of determination for the respective
distances are R1

2 � 0.939, R2
2 � 0.882, R5

2 � 0.968, R15
2 � 0.948, R25

2 � 0.989, and
R35

2 � 0.986. All solid curves were obtained with the same best-fitting param-
eters of the mean JSI (see Fig. 1). (Lower) The surface of the same distribution
when using the same best-fitting parameters is shown. Notice that the peak
shifts toward the origin as the distance increases.
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The model succeeds in providing reliable predictions (the mean
of the R2 over 200 samples is �0.95) when taking into account �50
LCs of 824 (see Fig. S7 in SI). Therefore, our sampling approach
would allow field ecologists to derive the actual mean JSI and its
complete probability distribution by means of the analytical pre-
dictions of the model. The MMRS encompasses highly varying
environmental conditions, thus it is conceivable that in more
homogeneous river ecosystems, the data requirement for parame-
ter estimation may be considerably less demanding, thus signifi-
cantly enhancing the applicability of the model.

Conclusions
The above results show that the model is not only able to
represent biodiversity similarity patterns in river ecosystems and
account for climate heterogeneities of different subbasins, but is
also attractive for field applications when dealing with relatively
large systems.

Our approach is amenable to further extensions and generaliza-
tions. The model itself could be formulated for the case when
directionality plays a significant role in the river system—e.g.,

transport of propagules—and eventually it could be generalized to
different structured ecosystems, like forests or savannas.

We have presented here a parsimonious yet powerful ap-
proach to understanding of spatial biodiversity similarity pat-
terns using only the occurrence data of species. Furthermore, it
is also amenable to the study of its temporal dynamics. It shows
how simple and general mechanisms can constrain spatial fea-
tures at broad scales, and contributes to the challenging issues of
modern macroecology.

Methods
Analytical Framework. When setting �(t) � 0 in Eq. 1, one gets the simple
solution J(d, t) � f(d)/k � [f(d)/k � J0(d)]e�kt for an arbitrary initial JSI J0(d). For
large time scales, this deterministic model predicts that any pair of LCs at
distance d has the same value f(d)/k. However, the noise term �(t) tends to
diffuse J(d, t) away from its deterministic value and the model predictions are
no longer trivial. The random kicks of �(t) make the JSI highly irregular and
unpredictable; however, the evolution of its probability distribution is still
smooth and deterministic. There exists a standard procedure to obtain the
equation for the distribution of J at distance d, when the stochastic evolution
for J is known (see chapter IX of ref. 42). It turns out that the stochastic Eq. 1
is equivalent to the following Fokker–Planck equation

�p�J�d�

�t
� �

�

�J
��f�d� � kJ�p�J�d�� � D

�2p�J�d�

�J2 , [4]

with reflecting boundaries at J � 0,1; p(J d) is the probability density
function of the similarity index J at different given distance d. When data
at different times will become available, its time-dependent solution will
be useful, because it can describe the temporal evolution of biodiversity
similarity. However, in this study, we are only interested in the behavior of
the solution for large time scales, i.e., within a steady-state regime. The
condition [f(d) � kJ]p(J d) � D�Jp(J d) leads to stationarity, i.e., �tp(J d) �
0, and defines a differential equation for p(J d). The solution has to be
properly normalized on the interval [0,1], so that �0

1p(J d)dJ � 1 regardless
of d. Finally, one obtains Eq. 2.

Coefficient of Determination. The index that we used for assessing the good-
ness of fits and the predictive power of the model is the coefficient of
determination, R2, which is defined as

R2 	 1 �

i�1

imax �xi � f i�
2


 i�1
imax �xi � �x
�2 , [5]

where xi is the ith observed value in a dataset that comprises imax total
observations, fi is the corresponding value predicted by a model and �x
 is the
mean of all xis. When applying R2 to the sampling protocol for predicting the
biodiversity similarity the meaning of symbols is the following: xi is the mean
JSI at distance d when using all of the available empirical information; fi the
estimate of �J(d)
 by best-fitting the model parameters with the data obtained
from the given sample; �x
 the average of the empirical �J(d)
 over all distances,
and imax the maximum distance between links included in the analysis, which
in this case is 40 links.
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� � 6.10 from empirical data. The obtained parameters for the Missouri basin
are ��1 � 5.58, �0 � 9.91, �1 � 0.62; the 95% confidence intervals on the fitted
parameters are [4.48,6.67], [9.21,10.61], and [0.56,0.67], respectively; R2 �
0.991; � � 3.66 from empirical data. Colored dots were obtained from the
empirical data. With the same meaning of the colors, the Inset shows the
probability density function of the AARP in units of centimeters. The mean
regional AARPs are: Ohio, 49.1 cm; MMRS, 22 cm; and Missouri, 8.1 cm,
whereas the mixing distances dm are Ohio, 60 links; MMRS, 25 links; and
Missouri, 16 links.

Azaele et al. PNAS � April 28, 2009 � vol. 106 � no. 17 � 7061

EC
O

LO
G

Y

http://www.pnas.org/cgi/content/full/0805845106/DCSupplemental


16. Salo J, et al. (1986) River dynamics and the diversity of Amazon lowland forest. Nature
322:254–258.

17. Kalliola R, Puhakka M (1988) River dynamics and vegetation mosaicism—A case-study
of the river Kamajohka, northernmost Finland. J Biogeogr 15:703–719.

18. Urban D, Keitt T (2001) Landscape connectivity: A graph-theoretic perspective. Ecology
82:1205–1218.

19. Fagan WF (2002) Connectivity, fragmentation, and extinction risk in dendritic met-
apopulation. Ecology 83:3243–3249 .

20. Economo EP, Keitt TH (2008) Species diversity in neutral metacommunities: A network
approach. Ecol Lett 11:52–62.

21. Muneepeerakul R, et al. (2008) Neutral metacommunity models predict fish diversity
patterns in Mississippi–Missouri basin. Nature 453:220–222.

22. Condit R, et al. (2002) Beta-diversity in tropical forest trees. Science 295:666–669.
23. Harte J, Kinzig A (1997) On the implications of species-area relationships for endemism,

spatial turnover, and food web patterns. Oikos 80:417–427.
24. Harte J, McCarthy S, Taylor K, Kinzig A, Fischer ML (1999) Estimating species-area

relationships from plot to landscape scale using species spatial-turnover data. Oikos
86:45–54.

25. Hanski I (1999) Metapopulation Ecology (Oxford Univ Press, Oxford).
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