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Abstract
Although networks analysis has moved from static to dynamic, ecological networks are still
analyzed as time-aggregated units where time-specific interactions are aggregated into one single
network. As a result, several questions arise such as what is the functional form of and how variable is
the topology of time-specific versus time-aggregated ecological networks? Furthermore, it is yet
unknown to what extent the structure of time-aggregated networks is representative of the dynamics of
the community. Here, we compared the topology of time-specific and time-aggregated networks by
analyzing a set of intertidal networks containing more than 1,000 interactions, and assessed the
spatiotemporal dynamics of their degree distributions. By fitting different distribution models, we
found that the out-degree distributions of seasonal and time-aggregated networks were best described
by an exponential model while the in-degree distributions were best described by a discrete generalized
beta model. The degree distributions of the seasonal networks were highly temporally variable and are
significantly different from those of time-aggregated networks. We observed that seasonal degree
distributions converged toward time-aggregated network distributions after 1.5 years of sampling. Our
results highlight the importance of understanding the dynamics of ecological networks, which can show
topological characteristics significantly different from those of time-aggregated networks.

Keywords: degree distribution, food webs, marine ecosystems, seasonality, spatiotemporal dynamics,
trophic networks, temporal networks.
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Introduction
In the last decades, the study of networks has moved from static to dynamic analyses; thus,
deeper insights into the internal structure of networks at different temporal and spatial resolutions can
be obtained 1 . Despite this, trophic network analyses are often based on time-aggregated networks
constructed by combining all interactions observed during a wide time frame. In time-aggregated
networks, interactions occurring at different periods of time, for example during different seasons of
the year, are summarized into a single network. Although such networks are powerful abstractions 2 that
have proven to be fruitful in yielding insights into overall network properties, they fail to represent the
range of dynamics occurring in a system 3. Further to this, in some cases these static representations
have been shown to yield misleading results regarding the importance of species or interactions to the
persistence of the network 4,5.
The analysis of dynamic trophic networks has been addressed from empirical 4,6 and theoretical
6

perspectives to understand how changes in network topology modify the flow of energy through the

network. Due to the inherent dynamic nature of natural communities, it is expected that the architecture
of trophic interactions should be highly variable 4. For example, one of the few studies that incorporates
temporal variability into a trophic network shows that topological characteristics can vary significantly
between different periods of time 2. In this sense, determining the temporal scale that captures relevant
patterns in the structure and persistence of networks is highly relevant.
An approach to the study of dynamics of network topology is through the analysis of the degree
distribution. In the case of trophic networks, the degree distribution is among the most important
topological descriptors as it allows for the identification of important interactors 7 and describes general
patterns of energy flux across the network 8. Several studies have shown that the degree distribution of
trophic networks has various functional forms, and most examples deviate significantly from ErdosReyi networks 9,10, 11, 12. Also, given the natural direction given by the flux of energy from primary
3
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producers to predators 13 a clear difference between in and out-degree distribution exists. In trophic
networks the in-degree distribution represents the number of prey consumed by each predator (niche
breadth), while the out-degree represents the number of predators attacking each prey 14, 15,16In this vein,
given that the in- and out-degree distributions depict two different ecological processes, we would
expect that their distributions would have different functional forms.
By explicitly considering the temporal dynamics of interactions, temperate intertidal rockyshore communities provide an opportunity to compare time-aggregated networks with time-specific
networks. A recent study by López et al. 17 shows that northern Chilean rocky shore communities can
harbor a large number of transient trophic interactions (≈80% of ca. 1,000 interactions), which might
indicate that the degree distribution of these networks is seasonally dependent. To contribute to the
understanding of trophic network dynamics, in this study we analyzed the spatiotemporal dynamics of
the degree distribution of a set of large intertidal rocky-shore trophic networks sampled at high spatial,
temporal, and taxonomic resolution. Throughout the study we address the following questions: a) What
is the functional form of and how variable are the in- and out-degree distributions? b) What is the
relationship, if any, between the topological characteristics of seasonal (time-specific) and timeaggregated networks? c) What is the temporal scale at which topological descriptors converge to their
aggregated values? And finally, d) if the characteristics of time-aggregated networks diverge from those
of seasonal networks, then what do the former tell us about natural communities?

Results
Degree distribution
We observed a strong decay in the rank-frequency of the degree distributions for all networks
(Fig. 1). While the in-degree distribution was best fit to the DGBD function (Table 1), the out-degree
distribution was better represented by the exponential distribution (Table 1). Furthermore, the in- and
4
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out-degree distributions were highly temporally variable (Fig. 2, Table 1) as seen in the values of the
parameters (a, µ) of the fitted seasonal distributions (Table 1). The site-specific estimated values of the
a parameter of the DGBD for the in-degree distributions were (minimum, maximum, and timeaggregated networks): RS (0.017; 0.54; 0.18), CC (0.037; 0.67; 0.058), CA (0.02; 0.40; 0.054) and LA
(0.061; 0.415; 0.247). Regarding the out-degree distribution, the values of the a parameter were: RS
(0.55; 0.81; 0.62), CC (0.65; 0.85; 0.67), CA (0.85; 0.91; 0.87) and LA (0.84; 0.92; 0.88) (Fig. 2, Table
1). The values of the parameters of the exponential distribution (µ) (minimum, maximum, and timeaggregated networks) for the in-degree distribution were: RS (0.05; 0.13; 0.03), CC (0.05; 0.12; 0.03),
CA (0.05; 0.15; 0.03), LA (0.05; 0.13; 0.03) (Fig. 2, Table 1). In the case of the out-degree distribution,
the estimated parameters of the exponential distribution were: RS (0.185; 0.41; 0.14), CC (0.185; 0.58;
0.13), CA (0.167; 0.56; 0.12), LA (0.161; 0.42; 0.12) (Fig.2, Table 1).
Convergence
Most of the a-values (DGBD) of seasonal network in-degree distributions were slightly higher
than those of the time-aggregated networks (Fig. 2, Table 1). For the out-degree seasonal networks,
values of μ in the exponential distribution were always above those of the time-aggregated networks
(Fig. 2, Table 1). In the in-degree distribution, when we estimated a by sequentially adding seasonal
networks, we found that convergence to the values observed in time-aggregated networks occurred
between one and 1.5 years (four to six sampling events, Fig. 3). The same result was found for the
sequential addition of the out-degree seasonal networks where the µ parameter converged to the timeaggregated values after roughly 1-1.5 years (Fig. 3).

Discussion
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We observed a common pattern of decay and a high temporal variability in the in and outdegree distributions of these intertidal rocky-shore assemblages. The best model for describing the indegree distributions was a DGBD, and an exponential distribution best fit the out-degree distributions.
These results indicate that the in- and out-degree distributions are generated by two different processes.
The ecological significance of in-degree distributions is quite direct for trophic networks: they
represent the distribution of trophic niche breadth across the species in the community 18. On the other
hand, out-degree distributions portray predation pressure (number of predators consuming a type of
prey) within a community; thus, it is difficult to relate the out-degree distribution with a niche axis.
However, we can speculate that if some level of correlation exists between the number of predator
species consuming a given type of prey and the total abundance of individual predators attacking it,
then out-degree values represent at some point the enemy-free space available for the prey species 19, 20.
Overall, however, deeper theoretical and empirical development is needed to assess the validity of this
idea.
The results found here provide evidence that a given community can show a spectrum of
topological characteristics over time. Other studies, in line with our results, have shown that network
features such as niche breath and the number of interaction partners are highly spatially and temporally
variable 33. In particular, the observed differences in the a and µ values between seasonal and timeaggregated degree distributions suggest that the isolated analysis of the latter can lead to misleading
conclusions. The a and µ parameters represent how fast the degree distribution decays from hubs (most
connected nodes) to one-degree nodes: the higher the value the faster is the decay. In trophic networks,
if we sort in descending order the species rank according to its trophic niche breadth (in-degree) or the
number of predators attacking it (out-degree), higher values of these parameters indicate larger
differences between the most connected species. In our study, the fact that in most cases (>80%) the
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degree distribution of the seasonal networks had higher a and µ values than those of the timeaggregated networks means that hubs are more dominant (relatively much more connected 34 ) in the
seasonal networks than in the time-aggregated networks. For example, in the case of the in-degree
distributions, this means that the difference in terms of niche breath between the first- and second-rank
species is several times larger than what is suggested by the analysis of the time-aggregated networks.
The same is seen with the out-degree distributions: the species consumed for more predators is several
times more connected than what is suggested by the analysis of the time-aggregated networks. A
consequence of these discrepancies in the degree distributions of the seasonal and time-aggregated
networks is a difference in the vulnerability of the networks to attacks. Due to its relatively higher
dominance of hubs, seasonal networks are more vulnerable to the elimination of the most connected
nodes than are the time-aggregated networks 6, 7. In ecological terms, the seasonal networks predict that
the extinction of the most generalist predators or the most consumed species would have worst
consequences for the community structure than that predicted using time-aggregated network analysis
21

. Despite this, in these particular networks, these potential negative effects could be counteracted by

high functional redundancy, minimizing the impact of removing a hub 22.
The parameter values estimated from the DGBG and exponential distributions for the in- and
out-degree distributions were highly asymmetrical (Table 1). A similar result was found in directed
industrial networks where asymmetry between in- and out-degrees has been explained due to the fact
that the in-degree distributions have sharp cut-offs and substantially lower degrees than those of the
out-degree distributions 23. In our case, this indicates that, in trophic networks, the out-degree will
always be larger than the in-degree given that the number of prey species is greater than the number of
consumer species according to the pyramidal structure of these networks 22 24.These results encourage
us to think on how are network structure and function related at biologically relevant time-scales? To
resolve this question, networks including mechanistic information, such as functional responses and
7
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prey-switch behavior in the case of food webs, should be explored 25. No doubt the incorporation of this
information will be a significant improvement to the conceptual framework of dynamic networks;
however, until now such a task represents a mathematical challenge due to the complex analysis of
multi-species assemblages 24.
Regarding temporal scales, our results showed a convergence of the a and µ parameter values of
the seasonal networks to those of the time-aggregated networks after the sequential addition of four to
six temporal networks. From a practical point of view, this means that, at least in this marine system,
the structure of the whole community, including its interactions, will be captured only after sustained
sampling effort; sampling at short time scales will yield gross misestimations of the statistical
distribution of the in- and out-degrees in time-aggregated networks. Thus, our results illustrate that the
description of a network depends on the time frame used in the monitoring scheme, and this could lead
to different strategies of management for a given ecosystem 2. From a theoretical point of view, our
results show that time-aggregated networks do not necessarily show similar topological characteristics
than those of temporal networks 4. If the observed state of a community at a given time point differs
from that predicted by a time-aggregated network, then what would be the meaning and nature of the
latter? And, how valid are the conclusions about the ecosystem functioning obtained from them?. For
the communities studied here, the low persistence of the consumer-resource interactions that constitute
these networks has been highlighted 17. By combining this low interaction persistence with the high
variability in degree distribution, time-aggregated networks likely represent all potential configurations
and energy paths of the community as well as the ecological redundancy of species (nodes) and
interactions (links). Time-aggregated networks, at least in our case, seem to represent more a map of
potentialities, an attractor of the community dynamics, than a time-invariant representation of the
ecological community as a natural unit. Novel perspectives, like those from multilayer network theory,
offer analytical opportunities to deal with the challenge of properly describing community dynamics 26.
8
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Materials and Methods
Biological data
We analyzed a long-term dataset of consumer-resource interactions obtained from macrobenthic
intertidal rocky-shore communities in northern Chile. Four localities were sampled seasonally along
ca.1,000 km of the northern coast of Chile: Río Seco (RS, 21.00°S, 70.17°W), Caleta Constitución
(CC, 23.42°S, 70.59°W), Caleta Angosta (CA, 28.26°S, 71.38°W) and Lagunillas (LA, 30.10°S,
71.38°W). The sampling scheme yielded seasonal samples for each site, spanning the austral spring of
2004 and the austral summer of 2007. Within each site, 80% of the sampled individuals were identified
at the species level, and trophic linkages were recorded from the analysis of stomach contents of each
species. From these analyses, over 1,000 interactions in total were recorded 27, 28.

Time-aggregated and seasonal networks
We constructed two types of networks from the biological data, namely seasonal and timeaggregated networks. Each seasonal network was constructed with all interactions observed in that
given season, year, and site (n = 40). Time-aggregated networks were constructed by combining all of
the observed interactions from the ten seasonal samplings at each site (n = 4). For both types of
networks, the consumer-resource matrix contained binary values of 0 and 1, where 1 indicates that the
interaction was observed and 0 indicates otherwise.

Degree distribution models
For both types of networks, we quantified the degree distribution, which describes the
frequency distribution of links per species. We evaluated the in-degree (number of prey consumed by
each predator) and the out-degree (number of predators attacking each prey) by fitting two candidate
9
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models: the discrete version of a generalized beta distribution (DGBD) and an exponential distribution.
The DGBD has the form:

where r is the rank value of the node in and out-degrees, N is the maximum possible rank value, A is a
normalization constant, and a and b are exponents. The exponent a is related to the “left to right” tail
and the exponent b is related to the “right to left” tail of the dataset; thus, different combinations of
values of a and b correspond to different shapes of the curve 25. In particular, parameter a is an
approximated equivalent of the exponent α of the power law formula commonly used to analyze the
degree distribution of other networks 18, and for this reason we focused our analysis on this parameter.
The rank exponential distribution it is defined by:

where r is the rank value of the node in and out-degrees, N is the maximum possible value of the rank,
and µ is the decay exponent 26.
To determine the time at which the aggregation of seasonal networks converged to the estimated
parameter values of the time aggregated networks, we sequentially added each seasonal matrix and
fitted the DGBD and exponential functions to the observed degree distribution. We calculated the time
point at which the aggregation of seasonal networks produced parameters similar to those of the
aggregated networks (estimation ± standard error). This procedure is analogous to methods used to
estimate species rarefaction curves. All analyses were carried out in the R environment 29 using the
network 30 and igraph 31packages.
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Figure Legends
Figure 1: The rank-order of the in-degree distribution (left) and exponential distribution of the outdegree (right) distribution of time-aggregated intertidal networks of each locality of the study. Color
codes are as follows: Río Seco (dark green), Caleta Constitución (black), Caleta Angosta (blue),
Lagunillas (red).
Figure 2: Temporal variability of a of the DGDB for the in-degree distributions (left) and µ of the
exponential distribution for the out-degree distributions (right) for in each locality of the study. Color
codes are as follows: Río Seco (dark green), Caleta Constitución (black), Caleta Angosta (blue),
Lagunillas (red). Dotted lines indicate the estimated value for the time-aggregated networks.

Figure 3: Convergence of a of the DGBD for in-degree distributions (left) and µ of the exponential
distribution for the out-degree distributions (right) for each locality of the study: Río Seco (dark green),
Caleta Constitución (black), Caleta Angosta (blue), Lagunillas (red). Dotted lines indicate the estimated
value of the parameter for the time-aggregated networks.
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Tables
Table 1: Parameters of the DGDB (A, b, a, R2) and exponential distribution (μ , R2) for the seasonal
and time-aggregated networks for each locality of the study. Seasons range from spring 2004 to
summer 2007.
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