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Grevy's zebra are endangered species of zebra found in Eastern Africa. Onagers are very common wild Asses
widespread from Middle East to India. Both species are equids of roughly the same size, similar physiology,
and living in semiarid environment. Both were previously described as having the same social organization:
social fission-fusion species with territorial males and harem females. While traditional social network analysis
has revealed some differences in the structure of their interactions, it was not sufficient to fully differentiate
and explain the differences. We use dynamic social network analysis, specifically, we use the method we have
previously developed for identifying dynamic communities, to compare same-size populations of Grevy's and
onagers.

Dynamic Communities Identification

Communities are loosely defined as collections of individuals who interact consistently and frequently [9-12, 16,
30]. Community structure often reveals interesting properties shared by the members, such as common hobbies,
occupations, social functions or rank, etc. [4,5,8]. In particular, many researchers have shown that communities
tend to evolve gradually over time [2,13,14,18-21,29], as opposed to assembling or disbanding spontaneously.
Thus, it is desirable to use temporal information not only to identify communities with high intra-community
interaction, but also to study their development, persistence, and decline over their life time.

Recent explosion of data collecting technology created an abundance of data on dynamic social networks and
spurred the development of computational approaches to the analysis of those data, including analysis of dynamic
community structure [1,3,6,7,15,17,22,23,26-28, 31]. For a survey of the recent computational techniques
for dynamic communities identification, with a particularly detailed description of the method proposed by the
authors of this abstract see [25].

Our approach to identifying dynamic communities is to derive an objective from first principles of social be-
havior. Specifically, we proposed an axiomatization of the persistence of social interactions and their dynamics,
in a way that explicitly draws a connection between latent community structure and observed interactions [27].
This axiomatization is based on the tenets that members usually participates in interactions of their own com-
munity, rarely participate in interactions or meetings of other communities, and rarely make long-term switches
of community affiliation. Based on this formalism, we formulate a combinatorial optimization problem. Dynamic
communities are viewed, essentially, as dynamic clusters, where some notion of “social cost” is minimized within
communities. The optimization problem itself is computationally intractable and we therefore proposed various
methods for speeding up the computation, including a recent approximation algorithm [26].

Grevy’s and Onager data sets

Data sets of affiliations of the two species of species of equids were obtained in similar ways, by observing
spatial proximity of members of a population over a period of time. Predetermined census loops were driven
approximately 5 times per week. Individual animals were identified by their unique markings such as stripe
patterns of zebras, scars and ear notched of onagers [24]. The Grevy's zebra data set was collected by observing
a population of 27 animals over three months in 2002 in Kenya. The onager data set was collected by observing
a population of 29 animals in the Little Rann of Kutch desert in Gujarat, India, from January to May in 2003.
The data was collected by ecologists making visual scans of the herds, typically once a day over periods of
several months. Each entity in the dynamic network is a unique animal and an interaction represents social
association, as determined by spatial proximity and the domain knowledge of ecologists.



Results and Discussion

The static (aggregate) network of Grevy's zebra shows most individuals in one large cluster [24]. However,
dynamic community identification exposes that within the major cluster, we find two large communities, whose
members come together and split apart repeatedly. These two communities are those of lactating females who
need to stay by the water and non-lactating females, who can go further from the water where the grass is
better but come to drink every now and then. In addition, the dynamic approach informs us of individuals with
distinctive interaction behavior, such the territorial male who roves between the lactating and non-lactating
members of his harem.

In addition to offering novel insights for a single population, our dynamic community identification method
provides powerful metrics with which to compare societies. Our analysis shows that the onager society has a
higher number of smaller communities, and individuals switch their affiliations a lot, compared to Grevy's zebra.
While Grevy's have a cohesive (although fluid) structure of communities, onagers' communities are ephemeral
and constantly mixing. Our analysis suggests that onagers may have a lower social cost of switching their
affiliations than Grevy's. The ecological reasons behind these differences may be the difference in predation
pressure and water availability and predictability. The dynamic community analysis points to the ecological
aspects of the two species that influence their social structure and elucidates the reasons of why individuals are
found in groups in nature in the first place.
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