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graph or network. Individuals are connected with links based on 
their co-occurrences in space or on their behavioral interactions. 
The links can be directed if  the interaction has a clear instigator 
and a receiver or undirected if  the interaction is in no particular 
orientation. Links can also be weighted, indicating the number 
or probability of  interactions among individuals, or unweighted 
(binary), without information about the strength of  the interaction 
(for more details, see Wey et�al. 2008). The emergent patterns of  
interactions among individuals, occurring dynamically across space 
and time, can fundamentally shape the �tness of  individuals within 
social groups and thus impact the demography and structure of  
populations (Lea et� al. 2010; Barocas et� al. 2011; Formica et� al. 
2012; Wey and Blumstein 2012).

Network methods help characterize social structures in new ways, 
providing an expanded opportunity to understand the ecological 
function and evolution of  complex sociality in animals. However, 
current research utilizing a social network approach in behavioral 
ecology predominantly focuses on descriptive approaches that iden-
tify the structure of  animal interactions but do not necessarily test 
hypotheses about function of  interaction patterns. To understand the 
ecological and evolutionary processes underlying social network for-
mation and organization, we need to compare social networks across 
species and study how changes in the environment, such as resource 
availability or population density, or during an animal’s ontogeny, 
such as dispersal events, in�uence network structure. To advance the 
�eld of  animal social networks from describing structures to testing 
ecologically and evolutionarily relevant hypotheses, current research 
needs to capitalize on theoretical, methodological, and analytical 
developments in parallel disciplines, such as epidemiology (Bansal 
et�al. 2007), and the social (Snijders and Doreian 2010, 2012) and 
physical sciences (Newman 2003). Bringing in new techniques for 
analyzing animal social networks from the previously mentioned 
disciplines will allow behavioral ecologists to address novel questions 
about the formation and dynamics of  animal social structures.

Here, we highlight methodological advances and conceptual 
challenges in the study of  animal social networks, which are under-
utilized by the current behavioral ecological literature, and suggest 
how further development of  these ideas will signi�cantly advance 
the �eld. We divide this review into 3 broad topics. First, we sum-
marize how methodological advancements, including network 
modeling and investigation of  triadic motifs, can be used for sophis-
ticated analyses and comparisons of  animal social networks to illu-
minate mechanisms underlying network structures. Next, we focus 
on conceptual challenges and provide suggestions for incorporat-
ing temporal dynamics and spatial constraints into animal network 
studies, which we see as critical for understanding the processes that 
structure and maintain networks. Finally, we consider network vari-
ation at the individual, population, and species scales and describe 
how increased understanding of  the causes and consequences of  
this variability can provide insights into the ecological in�uences 
and evolutionary pressures on networks. We hope to reenergize 
the use of  social network theory in behavioral ecology by moving 
forward from introducing basic network methods (Wey et�al. 2008) 
and highlighting technical constraints (Croft et�al. 2011). We add to 
previous reviews of  the topic (Krause et�al. 2007; Sih et�al. 2009) by 
suggesting new approaches and statistical tools that will address the 
biological questions social network theory can elucidate.

In each section, we include examples of  how to apply these 
approaches and recommend relevant analytical tools that will facili-
tate the adoption of  these advances (Table�1). We include examples 
of  studies that have already implemented these concepts to reveal 

their current breadth across taxonomic groups (Table� 2). In con-
clusion, we highlight unanswered questions that will be the focus 
of  this next progression in socio-ecological research. Our goal 
is to summarize major methodological and theoretical advances 
in social network analysis to ensure behavioral ecologists are �u-
ent with the available tools, analytical approaches, and underlying 
theory required to address questions regarding the generation and 
function of  social complexity.

METHODOLOGiCAL ADVANCES: 
UNDERSTANDiNG THE PROCESSES THAT 
UNDERLiE NETWORK STRUCTURES
Association patterns among individuals are generally nonrandom 
(Krause and Ruxton 2002; Krause et� al. 2007). However, we 
have only a few functional explanations for why social networks 
are structured the way they are (one example is life-history stage; 
McDonald 2007). Advances in statistical methods suitable for 
network data can be used to better understand the factors that 
determine the structure of  animal social networks. Here, we discuss 
how statistical network modeling and triadic motifs can be used to 
examine the mechanisms that underlie network structures and the 
ultimate function of  networks.

Moving beyond descriptive statistics

To understand which physical and biological processes shape non-
random social networks, a statistical network modeling approach 
can be used. In the past, researchers have examined network struc-
tures by comparing descriptive structural statistics (e.g., node degree 
and transitivity) between observed and randomly constructed 
networks (Croft et� al. 2008). This type of  statistical approach is 
easy to perform and can provide valuable insights into how the 
observed social network is di�erent from a particular null hypoth-
esis as expressed by a set of  random networks (Croft et�al. 2011). 
However, most if  not all biological networks are nonrandom; thus, 
using random networks as null models may oversimplify the real-
world complexities of  many animal social systems. The next chal-
lenge is to decipher why particular nonrandom structures occur. 
Multiple deterministic and stochastic processes likely contribute to 
social network structure, and the e�ects of  these processes cannot 
be rigorously teased apart through exploratory analyses of  descrip-
tive statistics alone. Advanced statistical modeling techniques o�er 
a potential solution to evaluating the synergistic e�ects of  multiple 
processes on animal social network structure.

Exponential random graph modeling (ERGM, or p* modeling) is 
a well-developed statistical technique, used extensively in the social 
sciences, that enables examination of  the underlying mechanisms 
of  network factors and processes that generate nonrandom net-
work structures (Anderson et�al. 1999; Robins et�al. 2007). ERGM 
can be used to explore how network structures emerge from exter-
nal factors and test how networks are shaped by their function. 
ERGM, closely related to logistic regression, uses stochastic model-
ing to determine the probability that a social link exists among indi-
viduals based on a set of  predictor variables (Robins et� al. 2007). 
Explanatory variables can take a variety of  forms including indi-
vidual attributes (e.g., age, social status, and reproductive condition), 
dyadic covariates (e.g., spatial distance, relatedness, and past inter-
actions), and structural features (e.g., triad closure) (Goodreau et�al. 
2009). Social links can be directed or undirected in ERGM but must 
be binary (i.e., unweighted). ERGM (implemented in the R pack-
age statnet) is particularly suitable for the analysis of  network data 
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