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ABSTRACT

Anthropogenic global warming in this century can act as a leading factor for large scale species extinctions in the near future. Species, in order
to survive, need to develop dispersal strategies depending upon their environmental niche. Based on empirical evidence only a few previous
studies have addressed how dispersal can evolve with changing temperature. However, for the analytical tractability, there is a need to develop
an explicit model to ask how the temperature-dependent dispersal alters ecological dynamics. We investigate the persistence of species in a
spatial ecological model, where dispersal is considered as a function of temperature. Spatial persistence is of major concern and dispersal is
reasonably an important factor for extinction risk in the context of promoting synchrony. Our study yields how the temperature in�uences
species decision of dispersal, resulting in either short-range or long-range dispersal. We examine synchronous or asynchronous behavior of
species under their thermal dependence of dispersal. Moreover, we also analyze the transients to study the collective behavior of species away
from their �nal or asymptotic dynamics. One of the key �ndings is at the most unfavorable environmental conditions long-range dispersal
works out as the driving force for the persistence of species.

Published under license by AIP Publishing. https://doi.org/10.1063/1.5120105

Understanding various mechanisms maintaining biodiversity is
a challenging aspect of ecology. Theory and insights from the
nonlinear dynamics of coupled oscillators play a signi�cant role
in this endeavor. In the metapopulation ecology, each patch
(or node) is modeled as an oscillator and spatial interac-
tions among them through dispersal often produce synchronous
or asynchronous dynamics, in�uencing species persistence.
Although various dispersal strategies have been studied in the
context of species survival, climate warming is one of the major
abiotic factors altering species associations and persistence. The
potential for warming to alter metapopulation interactions and
dynamics can be highly signi�cant. Taking this into account,
herewe consider a spatial Rosenzweig-MacArthurmodel account-
ing for temperature-dependent dispersal strategy of species,
characterized by their �tness under climate warming. Further,

we analyze synchronous or asynchronous, asymptotic or tran-
sient behavior of species under di�erent thermal conditions.
We emphasize that the temperature-dependent dispersal strategy
can signi�cantly contribute to maintaining species persistence at
extreme temperatures. Also, transients can help us to determine
the long termmetapopulation dynamics under warming.

I. INTRODUCTION

The study of spatial ecological systems has a strong signi�cance
in our understanding of the large scale population dynamics con-
cerning the evolutionary outcomes.1,2 Spatial ecologists often �nd
metapopulation theory of utmost importance in order to understand
the processes of regional extinction and recolonization of species.
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The metapopulation approach adopts the view that local popula-
tion interact via dispersal and gene �ow.3 Dispersal is expressed
through the interaction of an organism with its environment; there-
fore, it is likely to be in�uenced by environmental e�ects.4 One
of the major environmental factors responsible for altering the
costs and bene�ts of dispersal is the climate warming. Climate
change has a considerable impact on species composition,5,6 and
current global warming is expected to cause an irreparable change
to ecosystems.7 Eventually, dispersal will become a central subject
in order to predict species responses to environmental change.8

Therefore, it is of natural interest to explore the e�ect of temper-
ature on species dispersal. According to the earlier studies, disper-
sal, that is, considered to be an impelling cause for the persistence
and stability of metapopulations could also drive the population
toward extinction by increasing the degree of spatial synchrony.9–11

Population stability means that the minimum density of popu-
lations in all patches is not too low, the probability of extinc-
tion is less in a given time.12 Other than dispersal, environmental
factors are also one of the reasons of dynamical connection,13,14

which results in synchronization of spatial populations. If dispersal
induces synchrony, then the synchronized populations will continue
to remain in synchrony until and unless any large external pertur-
bation drives them away.15 Spatial “asynchrony” in density �uctua-
tions is known to strengthen the metapopulation persistence. This
indicates the importance to examine species dynamics due to dis-
persal and the extrinsic factor, which we consider to be temperature,
on synchrony.

Range interaction in species dispersal is an important factor
that drives interesting spatial dynamics.16 Dispersal, under the in�u-
ence of climate change has an impact on species range shifts,17–19

either resulting in long-distance dispersal (LDD) or short-distance
dispersal (SDD). We incorporate dispersal kernels that are referred
to the probability to disperse to certain distances. A number of
di�erent functions are used for dispersal kernels in theoretical mod-
els of dispersal including the inverse power law,16 for the present
study, we consider that the network of spatially separated patches
are connected by a long-range interaction that obeys a distance-
dependent power law. Our choice of this particular type of dispersal
kernel is also motivated by the fact that the long-range interac-
tion plays a crucial role in many physical and biological systems.
For example, in the one-dimensional Ising spin model20 and spin-
glass model,21 interaction among the spins are governed by the
long range interaction that obeys a distance-dependent power law.
In neuronal systems, long-range interaction with a speci�c scal-
ing has been found which controls the connectivity among the
neurons.22

An appreciable amount of work has been done to study the
e�ects of climate change and dispersal on ecosystems.8,23–31Amathe-
matical model (predator-prey subsidy model) involving temperature
to study seasonal �uctuations29 and also to measure the impact of
global warming and seasonality30 has been investigated. Further, the
in�uence of network structures was examined on the predator-prey
subsidy system.31 It was observed that in spatial structures with food
scarcity, an increase in migration rates would result in the possi-
bility of extinction of predators. Investigating delayed migration to
study spatial dynamics has also been an important perspective.29,32

Consequently, considerable research has been done to examine the

e�ect of dispersal on predator-prey dynamics.33–35 However, a direct
approach that incorporates temperature in spatial populationmodels
to study dispersal induced dynamics is yet to be explored. Mod-
els that investigate migratory e�ects are generally classi�ed into
one of the three categories: Island models, Stepping-Stone models,
and Continuum models.31 The key feature of “Island” model33,34 is
the inclusion of set of patches. It involves instantaneous migration
between patches without explicitly including spatial dimensions. The
“Stepping-Stone” models again consider populations being divided
into patches, but the patches are now assigned �xed spatial coor-
dinates. In such models, spatial structures signi�cantly contribute
toward determining predator-prey dynamics.31 The “Continuum”
models involve partial di�erential equations to elucidate migration
of populations in continuous domain.33 In this work, we link chang-
ing global mean temperature with the dispersal behavior of species
by considering an ecological system, namely, a spatial Rosenzweig-
MacArthur model36,37 or a “Stepping-Stone” model. We demonstrate
that the natal dispersal tendency depends upon the changing tem-
perature, which further will have an impact on the species survival.
We consider that at very low and high temperature ranges, species
dispersal within patches is low; this arises mainly as a consequence
of species “Thermal Performance Curves” (TPCs).38 These curves
show an exponentially inclining trend at low temperatures attain a
maxima at the thermal optimum and then decline with a further
increase in the temperature. Hence, as species thermal performance
is low at extreme temperatures, this suppresses species ability tomove
and thus disperse within patches. In this paper, we try to address
the following questions: How does the temperature-dependent dis-
persal in�uence the dynamics of a metapopulation? Can dispersal
promote persistence of species by reducing the degree of spatial syn-
chrony, even in the least favorable environmental conditions? Can
transient state work as an indicator of species behavior in their �nal
dynamics?

To address the above questions, we begin by analyzing the �uc-
tuations in species density over time.We carry out di�erentmeasures
to learn the coherence/incoherence in species dynamics character-
ized by their amplitude of �uctuations, density correlations, and
transient dynamics. Furthermore, we use cross-wavelet analysis to
understand the long term dynamics of the system through tran-
sients. Variations in temperature that in�uences species dispersal
leads to interesting spatiotemporal dynamics.We observe that ampli-
tude of �uctuations in species density, averaged over large number
of the system replicates, suppresses along the thermal axis up to
optimum temperatures. These �ndings are conserved while inves-
tigating the cluster count, depicting relatively similar response of
large number of species along the changing temperatures. Further-
more, the robustness of observations is rooted through the increas-
ing synchrony measure and decreasing transients of the system.
Importantly, we also �nd that the transient phase of the system
can trace the long term synchronous or asynchronous distance-
dependent dynamics. In all, our study reveals that the synchrony is
minimum at the extreme conditions and comparatively more syn-
chronized behavior is observed around the optimum temperatures,
which may also be hinted by the transient state, using cross-wavelet
analysis.

The paper is organized as follows: In Subsection II A, we
introduce the temperature-dependent metapopulation model. The
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measures used to analyze the model are de�ned in Subsection II B.
In Sec. III, we �rst discuss cluster analysis and transients that are
related to the collective dynamics of the model. Then, we present the
cross-wavelet analysis that depicts the e�ects of di�erent tempera-
ture together with the distance between patches in Subsection III E.
Finally, in Sec. IV, we discuss the importance of our results and future
directions.

II. MATERIALS AND METHODS

To study the in�uence of temperature-dependent dispersal on
spatial population dynamics, we consider prey-predator interactions
within a patch and between n-spatially distributed patches. Each
patch exhibits homogeneous behavior in the sense of species inter-
actions and phenotypes. Spatial heterogeneity is introduced into the
system due to temperature dependent dispersal phenomenon as well
as by accounting short-range and long-range interactions of species
between the patches.

A. A metapopulation model

We start with the dimensionless form of a spatial Rosenzweig-
MacArthur model.36,39 The dynamics of a prey density (hi) and a
predator density (pi) in the ith patch (node) are given as

dhi

dt
= hi(1 − θhi) −

pihi

1 + hi

+ εh

(

1

ζ(f (T))

m
∑

d=1

hi−d + hi+d

df (T)
− hi

)

, (1a)

dpi

dt
=

φpihi

1 + hi
− ηpi

+ εp

(

1

ζ(f (T))

m
∑

d=1

pi−d + pi+d

df (T)
− pi

)

, (1b)

where i (= 1, 2, . . . , n) determines the index of a patch. The patch
indices i− d and i+ d are in correspondence with modulo the num-
ber of patches in the network (i.e., n). θ is the self-regulation of prey,φ
is the conversion e�ciency of the predator to convert and assimilate
acquired food into energy, and η determines the predator’s natural
mortality. These factors govern the local dynamics of the interaction
network. Spatiotemporal dynamics of the metapopulation are char-
acterized by dispersal strengths of prey and predator as εh and εp,
respectively. d is the distance between ith and jth patches, de�ned by
the minimum number of edges required to disperse from the ith to
the jth patch. We consider a regular network where all the patches
are connected with other and hence accessible by the dispersing
species from any patch [i.e., m = (n − 1)/2, when the total number
of patches is odd], but the dispersal densitymay vary depending upon
the distance between the patches as well as the temperature of the
habitat.

In the network, every patch is connected to all the other patches
via the dispersal strength εh or εp, which is modulated by the distance
between patches and temperature-dependent power law function

FIG. 1. Thermal dependence of dispersal of spatially separated species. At
extreme temperatures (either very low or high), species are less likely to disperse.

d−f (T), where T is the temperature. ζ(f (T)) = 2
m
∑

d=1

d−f (T) is the

normalization constant. We consider the hypothesis that disper-
sal is the strongest at the optimal temperature (see Fig. 1). This is
because of the fact that the intermediate temperature being a favor-
able temperature for the growth and survival40 of species results in
the active biological traits of species.38,41 For example, the species
attack rate follows an increasing trend, attains a maximum at the
optimum temperature, and then declines, moreover, handling time
also attains an optimum value at the intermediate temperature.42

The temperature-dependent power law exponent f (T) governing the
distance-dependent interaction strength is represented by aGaussian
function42

f (T) = fopt × e
(T−Topt )

2

2s2 , (2)

where fopt is the value of f at the optimal temperature Topt . Tempera-
ture sensitivity of the function f (T) is determined by the parameter
s, which also determines the performance breadth of the dispersal
between the coupled patches. Throughout this work, we have consid-
ered fopt = 0.27, Topt = 20 ◦C, and s = 11.5. The function f (T) holds
relatively large values at extreme temperatures as compared to the
intermediate temperatures. Furthermore, large values of f (T) imply
less chances of species to disperse to the further habitat as compared
to lower values of f (T) (except the nearest neighboring patches, i.e.,
for d = 1) as prey-predator dispersal strengths are modulated via
d−f (T) (see Fig. 1). Therefore, species dispersal is more to further
patches at intermediate temperatures in comparisonwith the extreme
temperatures.

B. Characteristic measures

We study spatiotemporal dynamics of the system [see Eq. (1)]
for a fragmented land of 11 patches. When there is no dispersal of
species from one patch to another (i.e., with εh = εp = 0), species
dynamics are determined by their local interaction and they exhibit
oscillatory behavior. Setting it up as a benchmark for spatiotem-
poral interaction, �rst, we examine the time series of the species
in the 11 patches and observe the impact of changing temperature
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on the species dynamics. Our major concern is to understand what
role dispersal plays in the survival of species under di�erent ther-
mal conditions. For this, we compute the total predator amplitude37

de�ned as

Total predator amplitude = log10









max

(

n
∑

i=1

pi

)

min

(

n
∑

i=1

pi

)









(3)

over a window of 4Mp, withMp as the mean period of the population
cycle which is averaged over a su�ciently long time period. Syn-
chronous system signi�es more possibility of obtaining high values
of predator amplitude comparative to asynchrony. In order to analyze
the same, we also calculate cumulative probability of various predator
amplitudes for di�erent values of T.

Likewise to explore the outcomes of interactions between
patches, we calculate correlation coe�cient ρij of a species time
series at time t, between the ith and the jth patch for di�erent val-
ues of the temperature T. Thereafter, set of patches having identical
behavior are considered to form a cluster. Here, for identical behav-
ior we refer to patches having ρij > 0.999. Out of the n patches,
we can have a k-cluster solution, where 1(global synchrony) ≤ k ≤

n(complete asynchrony). The correlation coe�cient is calculated at
each time and is given by43

ρij =
〈xixj〉 − 〈xi〉〈xj〉

√

〈xi2〉 − 〈xi〉
2
√

〈xj2〉 − 〈xj〉
2
, (4)

where x is the species density and 〈· · · 〉 is the average over the win-
dow [t, t + 4Mp]. Using the correlation coe�cient ρij, the frequency
of the occurrence of a k-cluster solution with time evolutions is
calculated as

Frequency of k-cluster =
No. of ≤ k-clusters

No. of simulations
. (5)

Due to the possibility of the occurrence of multiple stable attrac-
tors in higher dimensional dynamical systems, here we perform
large ensembles of simulations for a set of randomly chosen initial
conditions.

For the permanence of our results, we carry forward our inves-
tigation by calculating the synchrony measure σ 44 with respect to
the changing temperature T. The synchrony order parameter σ mea-
sures the amount of change in synchrony between patches along the
temperature gradient and is de�ned as

σ =

√

√

√

√

√

√

√

1 −

〈

n
∑

i=1

[xi(t) − x(t)]
2

n
∑

i=1

xi(t)
2

〉

, (6)

where x(t) = 1
n

n
∑

i=1

xi(t) and 〈· · · 〉 represents the average over a given

time. The quantity σ varies at intervals 0 and 1, i.e., from no syn-
chrony to perfect synchrony of the populations. Any intermedi-

ate value of σ accounts for partial synchronization of populations
in the system.

The study of asymptotic or long-term dynamics is in�uential to
understand a natural system. The asymptotic dynamicsmay display a
constant or a periodic phase evolution or even chaos. However, while
considering the large-scale dynamics, it is of great importance to real-
ize how the population evolves with time. Another important aspect
of ecological time scales is the transients, i.e., the dynamics far from
the �nal state of a system.A lot of attentionhas been given to the study
of transient dynamics,45,46 and it is believed that the �nal behavior of a
system may be quite di�erent from the transient dynamics.47 There-
fore, it is essential to study the variations in both the transient and
asymptotic dynamics.

We also split the total predator amplitude into transient and
asymptotic time series, and take the median of these time series
called as the “median predator amplitude” (MPA) for transient and
asymptotic states. To estimate the transient time, we �rst used the
low pass �lter on the time series obtained by numerically integrat-
ing Eq. (1) following an algorithm as described in Ref. 37. MPA is
taken to be an ensemble average of 100 simulations for di�erent set
of randomly chosen initial conditions in order to avoid uncertainty.
We also calculate themean fraction of time spent in the transient state
along changing global mean temperature to estimate the time taken
by the populations to reach a steady state under di�erent warming
conditions.

Also, there is a possibility of long transients, i.e., the system
reaches asymptotic behavior after a very long time,48 it is even pos-
sible that the system never attains asymptotic state within a given
time frame. Therefore, in order to understand how a system evolves
with time, it is important to study the behavior of system away
from its �nal asymptotic dynamics. Here, we use wavelet analysis
to study synchronization and phase relations between interacting
species when the system is in transient state. Wavelet analysis is a
commonly used statistical tool for investigating nonstationary time
series.49 Usually, periodic signals are analyzed by spectral analysis,
which uses stationary time series. This sometimes works as a limi-
tation since majority of ecological time series are nonstationary in
nature, and hence, it may not be able to characterize signals whose
frequency content changes with time. It is possible to overcome this
hindrance by wavelet analysis, which is now regularly being used
for the investigation of ecological time series.50,51 In the interest of
studying the relative behavior of two time series, here we use cross-
wavelet analysis. It examines the �uctuations of two time series, also
estimates the phase di�erence between these �uctuations.52 Cross-
wavelet analysis is a powerful tool for testing the possibility of link-
ages between two time series.53To study the e�ect of temperature and
distance on species dynamics, we perform the cross-wavelet analysis
by considering n = 33 patches.

We use the 4th order Runge-Kutta method with 10−2 step
size to numerically integrate Eq. (1). Initial conditions of prey are
independently and identically distributed, with log10(hi(0)) follow-

ing a uniform distribution on the interval (−5, 1 + log10 ĥ). Paral-
lelly, predator initial conditions are independently and identically
distributed, with log10(pi(0)) uniformly distributed on the interval

(−5, 1 + log10 p̂). ĥ = η

φ−η
and p̂ = (1 + ĥ)(1 − θ ĥ) are the respec-

tive equilibrium densities of prey and predator.
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III. RESULTS

As per the choice of f (T) and the associated thermal optimum
[Eq. (2)], the system has a re�ection symmetry on the either side
of the thermal optimum Topt = 20 ◦C (see Fig. 1). For example, the
results that hold for T = 0 ◦C will also hold for T = 40 ◦C. Hence, in
general, we carry out the numerical experiments for the temperature
ranging from T = 0 ◦C to T = 20 ◦C.

A. Time series analyses and predator amplitude

We observe diverse species dynamics for di�erent values of the
temperature T. Examining the time series of predator density as well
as total predator amplitude [Eq. (3)], we �nd that increasing tempera-
tureT up to the line of symmetry (i.e., the line atT = 20 ◦C in Fig. 1),
moves the system from low to high amplitude values and, hence, less
number of clusters k. Figure 2 shows the amplitude �uctuations with
time for di�erent values of temperature, and it is clearly visible by
analyzing cumulative probability [see Figs. 2(k)–2(o)] that the expec-
tation of getting high amplitude values increases with the increasing
temperature.

B. Cluster analysis

The total predator amplitude reveals oscillatory behavior of
populations indicating that the solutions of Eq. (1) can result in dif-
ferent synchronous states of spatially connected species depending

upon the number of clusters. Hence, we perform the cluster analy-
sis using Eqs. (4) and (5). We observe di�erent k-cluster solutions
for di�erent warming conditions of the habitat patch, k ranging from
1 to n cluster(s).

Analyzing the distribution of clusters (see Fig. 3) with changing
temperature reveals an important information about the collective
dynamics of the system. We observe that an increase in the temper-
ature up to thermal optimum converges the system from high to low
number of clusters.

C. Interpatch synchrony

Synchrony is highly in�uenced by species interaction strength.
High interaction strength between patches drives more synchronous
behavior, when compared to low interaction strength. We calculate
the synchrony order parameter σ [Eq. (6)] to measure the change
in synchrony between patches with variations in T, it explains qual-
itative synchronous dynamics of the interaction network. Figure 4
depicts that the value of σ increases with the increasing temperature
up to the thermal optimum. In fact, synchrony is the strongest at the
thermal optimum and the weakest at both the temperature extremes
(extreme low and extreme high temperatures).

D. Median predator amplitude and mean transient

fraction

The MPA depicts the �uctuations in total population density,
low value of MPA implies lower �uctuations and hence high chances

FIG. 2. Time series of predator species, predator amplitude, and cumulative distributions of predator amplitude along the thermal gradient T : for (a), (f), (k) T = 0 ◦C; (b), (g),
(l) T = 5 ◦C; (c), (h), (m) T = 10 ◦C; (d), (i), (n) T = 15 ◦C; and (e), (j), (o) T = 20 ◦C. Local dynamics are governed by θ = 0.3, η = 1, and φ = 3. Dispersal strengths
are εh = 2−5 and εp = 2−6. k denotes clusters count at different values of T .
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FIG. 3. Frequency of cluster states for different values of T : (a) T = 0 ◦C, (b)
T = 5 ◦C, (c) T = 10 ◦C, (d) T = 15 ◦C, and (e) T = 20 ◦C. The system con-
verges to high or low number of clusters depending upon the temperature. The
number of clusters decrease with the increasing temperature. Local dynamics are
governed by θ = 0.3, η = 1, and φ = 3. Dispersal strengths are εh = 2−5 and
εp = 2−6. Each panel is the result of 100 independent simulations.

of species persistence. It is observed from Fig. 5(a) that both tran-
sient and asymptotic MPA hold lower value at low temperatures and
comparatively higher value at intermediate temperature. On a related
note, we also calculate mean transient fraction [see Fig. 5(b)], high

FIG. 4. Synchrony measure σ with changing T . The triangles represent the esti-
mated value of σ at different values of T . The solid line is the best curve fit to
the estimations. The other parameters are εh = 2−10, εp = 2−10, φ = 2, η = 1,
and θ = 0.3.
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FIG. 5. Median predator amplitude and transient duration. (a) Median preda-
tor amplitude for the transient (red) and asymptotic (blue) solution values of T .
(b) Mean fraction of the total time duration the system remains in the transient
solutions with respect to temperature T . Parameter values are θ = 0.3, η = 1,
φ = 3, εh = 2−5, and εp = 2−6.

value of transient time corresponds to asynchronous solutions. We
notice that the transient time is high around low temperatures and
decreases with the increasing temperature. Hence, increasing tem-
perature up to the thermal optimum drives the system from long
transients and low amplitude solutions to lower transients and higher
amplitude solutions.

E. Cross-wavelet analysis

Wavelet analysis can be helpful to quantify and interpret power-
ful informations stored in the transient state.49 In order to study the
interactions between di�erent time series and to understand how the
behavioral state changes in a given time period, we perform cross-
wavelet analysis (see Fig. 6). Black contour lines enclose a region of
95% con�dence level. Wavelet transform at any point at a given time
also contains information of the nearby data points and since we have
considered time series of �nite length, there are chances of error at
the beginning and end of the time series, known as the edge e�ects.
Cone of in�uence is the region of the power spectrum where edge
e�ectsmight distort the signal andwhich is represented by the shaded
region on both sides of the contour. Therefore, we con�ne our study
to the nonshaded regions.

In accordance with the cross-wavelet analysis, the density �uc-
tuations between predator species of two distinct patches with high
common power (yellow band) is observed at a considerable periodic-
ity of 8–16 units of time. To study the coordination between predator
species of two distinct patches, we analyze the phase shift between
them. At the extreme temperature T = 0 ◦C, the arrows in the elo-
quent common power (yellow band) re�ect a phase di�erence of
≈30◦ between the �uctuations in predator density of the two near-
est patches, i.e., p1 and p3 (we consider those nearest patches where
d is not equal to 1) [see Fig. 6(d)]. On the other side, a phase shift
of ≈90◦ is observed between the �uctuations of predator species of
two farthest patches, i.e., p1 and p16 [see Fig. 6(e)]. When analyzed
the dynamics at the thermal optimum T = 20 ◦C, the phase angle
is centered around 0◦ for the predator species of nearest patches
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FIG. 6. Time series (left panels) and cross-wavelet spectra (right panels) of the predator pi . For two distinct temperatures: (a)–(c) T = 0 ◦C and (f)–(h) T = 20 ◦C are the
time series of predator density pi , where i = 1, 3, 16 is the patch index, in three distinct patches. (d) and (i) Cross-wavelet spectra of the predator in two nearest patches p1
and p3. (e) and (j) Cross-wavelet spectra of the predator in two farthest patches p1 and p16. At T = 0 ◦C, in the case of nearest patches [(a), (b), and (d)], the predator species
oscillates in phase angle of≈30◦; for the farthest patches [(b), (c), and (e)], interactions lead to different phase angles (≈90◦). At T = 20 ◦C, species in the nearest patches
oscillate in phase, i.e., 0◦ [(f), (g), and (i)]; in the case of farthest patches [(g), (h), and (j)], predator species show a phase drift of ≈45◦. The black contour in cross-wavelet
spectra encloses significant region (95% confidence level) of consideration. The color code follows a pattern from blue to yellow; blue color indicates the region with low
power, whereas the yellow region is with high power. Other parameter values are n = 33, θ = 0.3, η = 1, φ = 3, εh = 2−5, and εp = 2−6.

[see Fig. 6(i)], whereas the �uctuations between two predator species
of farthest patches show a phase drift of ≈45◦ [Fig. 6(j)].

IV. DISCUSSION

Understanding the e�ects of dispersal on population dynamics
is one of the major issues in the spatial ecology. Dispersal is consid-
ered to be a “double-edged sword,”54 since dispersal not only con-
tributes toward species persistence by preventing local extinctions
due to recolonization, but at some time, it can also be responsible
for synchronizing the populations that can trigger the possibility of
global extinction. The realization that the changing climate has a
strong impact on spatial populations, communities and the whole
ecosystems triggered a lot of interest on investigating the e�ects of
temperature in�uenced dispersal on metapopulations.27,55 Here, we
have presented a mathematical-framework elucidating the e�ects of
temperature on species dispersal. This framework illustrates how
the dispersal strength that promotes synchrony at a temperature
results in some form of ecological stability at a di�erent extreme
temperatures via asynchrony.

Range or habitat shifts are one of the natural ecological
responses to climate change. When the temperature is not favorable,

i.e., at extreme temperatures, we have claimed interaction strength
to be low which corresponds to low species dispersal, hence the
intensity of LDD is low. This persuades asynchronous behavior of
the population at the extreme temperatures. While at the intermedi-
ate temperatures, due to active biological traits of species, dispersal
is more prompt, which makes a species e�cient of going to any
habitat patch. Thus, resulting in high intensity of SDD as well as
moderate LDD. For instance, at the extreme temperatures, we get
comparatively more number of clusters and low value of predator
amplitude than that at the intermediate temperatures, which clearly
depicts variations in the spatial dynamics. For di�erent values of the
temperature sensitivity s, the results are qualitatively similar.We have
also observed the change in measure of synchrony with the changing
temperature. Our study indicates that the synchrony order parameter
holds a low value at the extreme temperatures, when compared with
the value at the intermediate temperatures, including the thermal
optimum.

These results hold important implications in order to under-
stand how temperature variations a�ect dispersal, which further has
an impact on population persistence. We �nd that long-range dis-
persal at the extreme temperatures turns out to be bene�cial for the
species persistence. The asynchronous behavior of populations at
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extreme temperatures signi�es that theminimumdensities of species
occur at di�erent time instance for most of the patches, thus making
the dispersing species more persistent by reducing their vulnerability
toward environmental perturbation.

We also emphasize on the importance of understanding dynam-
ics during the transient time. Corresponding to which we study
the behavior of MPA di�erently for transient as well as asymptotic
phase. The lower amplitude asymptotic solutions with higher tran-
sient duration at low temperatures [see Figs. 5(a) and 5(b)] reveal the
asynchronous behavior of the system.Our study clearly demonstrates
how dispersal in a regular network under the in�uence of increasing
global temperature drives the system from asynchrony to synchrony,
and to asynchrony.

Further, our study interprets the e�ects of climate warming on
species dispersal, in�uencing their persistence. In view of the bet-
ter understanding of evolution of such dynamics, we �gure out the
interactions between species of distinct patches at di�erent temper-
atures through cross-wavelet analysis of few transient time series.
At the extreme temperature T = 0 ◦C, the cross-wavelet analysis
explores the asynchrony between the species oscillations of two
nearer patches; however, the degree of asynchrony becomes stronger
when we consider two further patches. This is due to the fact that
the dispersal strength becomes weaker between furthest patches
which results in stronger asynchrony, in comparison with the asyn-
chrony between nearer patches. Similarly, at the optimum temper-
ature T = 20 ◦C, we see almost synchrony in species oscillations
between two nearer patches and the degree of synchrony reduces
when we consider two furthest patches. In con�rmity with the phase
shifts observed at T = 0 ◦C between the �uctuations of predator
species of nearer and farthest patches, we state that the intensity of
SDD is much more than that of LDD. On another note, based on the
analysis of phase shifts at T = 20 ◦C by examining our results (Figs. 3
and 6), we claim that at intermediate temperatures, the species are
resilient toward long-distance dispersal as well.

In conclusion, our study is the �rst step to demonstrate
dispersal-temperature relationship from the perspectives of dynami-
cal systems.We have considered a uniformmodel with a di�erence in
dispersal strengths of prey and predators in each patch. Developing
more mechanistic models elucidating temperature e�ects on disper-
sal by taking into account heterogeneity in the structure, and also
considering intraspeci�c competition, which are equally substan-
tial for the survivorship of species, is an important future direction.
Further, the assumption that di�erent species are having di�erent
temperature sensitivity may reveal interesting result. It is also impor-
tant to study the dynamics of the spatial system where temperature
is a function of time. This can be done by considering increase in
temperature at a very slow rate (global warming56) or by assuming
a periodic function (to model seasonality29). Moreover, there is a
need to understand the in�uence of climate change on both the local
and spatial ecological processes simultaneously and the long term
dynamics driven by their mutual interactions.

REFERENCES
1D. Tilman and P. Kareiva, Spatial Ecology: The Role of Space in Population Dynam-
ics and Interspeci�c Interactions (MPB-30) (Princeton University Press, 2018),
Vol. 30.

2G. C. Williams, Adaptation and Natural Selection: A Critique of Some Current
Evolutionary Thought (Princeton University Press, 2018), Vol. 61.
3I. A. Hanski, O. E. Gaggiotti, and O. F. Gaggiotti, Ecology, Genetics and Evolution
of Metapopulations (Academic Press, 2004).
4J. Clobert, M. Baguette, T. G. Benton, and J. M. Bullock, Dispersal Ecology and
Evolution (Oxford University Press, 2012).
5G.-R. Walther, E. Post, P. Convey, A. Menzel, C. Parmesan, T. J. Beebee, J.-M.
Fromentin, O. Hoegh-Guldberg, and F. Bairlein, Nature 416, 389 (2002).
6W. B. Foden, G. M. Mace, J.-C. Vié, A. Angulo, S. H. Butchart, L. DeVantier,
H. T. Dublin, A. Gutsche, S. Stuart, and E. Turak,Wildlife in a ChangingWorld—An
Analysis of the 2008 IUCN Red List of Threatened Species (IUCN, 2009), p. 77.
7J. M. Tylianakis, R. K. Didham, J. Bascompte, and D. A. Wardle, Ecol. Lett. 11,
1351 (2008).
8J. M. Travis, M. Delgado, G. Bocedi, M. Baguette, K. Bartoń, D. Bonte,
I. Boulangeat, J. A. Hodgson, A. Kubisch, V. Penteriani et al., Oikos 122, 1532
(2013).
9H.-A. Tanaka, A. J. Lichtenberg, and S. Oishi, Physica D 100, 279 (1997).
10V. A. Jansen, Trends Ecol. Evol. (Amst.) 14, 278 (1999).
11J. Hopson and J. W. Fox, J. Anim. Ecol. 88, 154 (2019).
12C. J. Briggs and M. F. Hoopes, Theor. Popul. Biol. 65, 299 (2004).
13V. G Røtan, B.-E. Sæther, S. Engen, E. J. Solberg, J. D. Linnell, R. Andersen, H. B
Røseth, and E. Lund, Ecology 86, 1472 (2005).
14E. Post and M. C. Forchhammer, Proc. Natl. Acad. Sci. U.S.A. 101, 9286 (2004).
15E. E. Goldwyn and A. Hastings, J. Theor. Biol. 289, 237 (2011).
16T. Banerjee, P. S. Dutta, A. Zakharova, and E. Schöll, Phys. Rev. E 94, 032206
(2016).
17C. D. Thomas and J. J. Lennon, Nature 399, 213 (1999).
18A. Battisti, M. Stastny, E. Bu�o, and S. Larsson, Glob. Change Biol. 12, 662
(2006).
19R. W. Brooker, J. M. Travis, E. J. Clark, and C. Dytham, J. Theor. Biol. 245, 59
(2007).
20M. Aizenman, J. T. Chayes, L. Chayes, and C. M. Neuman, J. Stat. Phys. 50, 1
(1988).
21G. Kotliar, P. W. Anderson, and D. L. Stein, Phys. Rev. B 27, 602 (1983).
22B. G. Szaro and R. Tompkins, J. Comput. Neurol. 258, 304 (1987).
23A. Eklöf, L. Kaneryd, and P. Münger, Phil. Trans. R. Soc. B 367, 2945 (2012).
24R. Lande, S. Engen, and B.-E. Sæther, Am. Nat. 154, 271 (1999).
25B. E. Kendall, O. N. Bjørnstad, J. Bascompte, T. H. Keitt, and W. F. Fagan, Am.
Nat. 155, 628 (2000).
26M. Peltonen, A. M. Liebhold, O. N. Bjørnstad, and D. W. Williams, Ecology 83,
3120 (2002).
27E. Bestion, J. Clobert, and J. Cote, Ecol. Lett. 18, 1226 (2015).
28M. C. Urban, J. J. Tewksbury, and K. S. Sheldon, Proc. R. Soc. B 279, 2072
(2012).
29D. Levy, H. A. Harrington, and R. A. Van Gorder, J. Theor. Biol. 396, 163
(2016).
30A. L. Nevai and R. A. Van Gorder, J. Biol. Dyn. 6, 891 (2012).
31L. Shen and R. A. Van Gorder, J. Theor. Biol. 420, 241 (2017).
32R. M. Eide, A. L. Krause, N. T. Fadai, and R. A. Van Gorder, J. Theor. Biol. 451,
19 (2018).
33S. A. Levin, Annu. Rev. Ecol. Syst. 7, 287 (1976).
34P. Kareiva, Phil. Trans. R. Soc. Lond. B 330, 175 (1990).
35G. Yaari, Y. Ben-Zion, N. M. Shnerb, and D. A. Vasseur, Ecology 93, 1214
(2012).
36M. L. Rosenzweig and R. H. MacArthur, Am. Nat. 97, 209 (1963).
37M. D. Holland and A. Hastings, Nature 456, 792 (2008).
38P. Amarasekare and V. Savage, Am. Nat. 179, 178 (2011).
39E. E. Goldwyn and A. Hastings, Theor. Popul. Biol. 73, 395 (2008).
40F. Pellerin, J. Cote, E. Bestion, and R. Aguilée, Oikos 128, 221 (2019).
41P. Amarasekare and C. Johnson, Am. Nat. 189, E31 (2017).
42P. Amarasekare, J. Anim. Ecol. 84, 665 (2015).
43A. Gupta, T. Banerjee, and P. S. Dutta, Phys. Rev. E 96, 042202 (2017).
44N. Komin, A. C. Murza, E. Hernández-García, and R. Toral, Interface Focus 1,
167 (2010).
45L. A. Saravia, G. D. Ruxton, and C. E. Coviella, Proc. R. Soc. Lond. B 267, 1781
(2000).

Chaos 29, 103136 (2019); doi: 10.1063/1.5120105 29, 103136-8

Published under license by AIP Publishing.

 26 D
ecem

ber 2025 13:49:34



Chaos ARTICLE scitation.org/journal/cha

46A. Hastings, Ecol. Lett. 4, 215 (2001).
47A. Hastings, K. C. Abbott, K. Cuddington, T. Francis, G. Gellner, Y.-C. Lai,
A. Morozov, S. Petrovskii, K. Scranton, and M. L. Zeeman, Science 361, eaat6412
(2018).
48S. J. Schreiber, Theor. Popul. Biol. 64, 201 (2003).
49C. Torrence and G. P. Compo, Bull. Am. Meteorol. Soc. 79, 61 (1998).
50B. T. Grenfell, O. N. Bjørnstad, and J. Kappey, Nature 414, 716 (2001).
51T. H. Keitt and J. Fischer, Ecology 87, 2895 (2006).

52A. Grinsted, J. C. Moore, and S. Jevrejeva, Nonlinear Process. Geophys. 11, 561
(2004).
53L. Becks and H. Arndt, Nat. Commun. 4, 1359 (2013).
54P. J. Hudson and I. M. Cattadori, Trends Ecol. Evol. (Amst.) 14, 1 (1999).
55A. R. Watkinson and J. A. Gill, Dispersal Ecology (Cambridge University Press,
2002), p. 410.
56S. Wieczorek, P. Ashwin, C. M. Luke, and P. M. Cox, Proc. R. Soc. Lond. A 467,
1243 (2011).

Chaos 29, 103136 (2019); doi: 10.1063/1.5120105 29, 103136-9

Published under license by AIP Publishing.

 26 D
ecem

ber 2025 13:49:34


