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Abstract 12 

1. There is increasing interest in using dynamic social networks in the study of 13 
animal sociality and its consequences. However, there is a general lack of 14 
guidance on the when and how such an approach will be valuable.  15 

2. The aim of this paper is to provide a guide on when to choose dynamic versus 16 
static social network analysis, and how to choose the appropriate temporal scale 17 
for the dynamic network. 18 

3. I first discuss the motivations for using dynamic animal social networks. I then 19 
provide guidance on how to choose between dynamic networks and the 20 
‘standard’ approach of using static networks. I discuss this in the context of the 21 
temporal scale of changes observed, of their predictability, and of the data 22 
availability.  23 

4. Dynamic networks are important in a number of scenarios. First, if the network 24 
data are being compared to independent processes, such as the spread of 25 
information or disease or environmental changes, then dynamics networks will 26 
provide more accurate estimates of spreading rates. Second, if the network has 27 
predictable patterns of change, for example diel cycles or seasonal changes, then 28 
dynamic networks should be used to capture these changes. Third, dynamic 29 
networks are important for studies of spread through networks when the 30 
relationship between edge weight and transmission probability is non-linear. 31 
Finally, dynamic social networks are also useful in situations where interactions 32 
among individuals are dense, such as in studies of captive groups.  33 

5. The use of static versus dynamic network requires careful consideration, both 34 
from a research question perspective and from a data perspective, and this 35 
paper provides a guide on how to evaluate the relative importance of these. 36 
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 41 
Introduction 42 
 43 
All animal populations are, in some way, dynamic. Many factors can shape patterns of 44 
connections among individuals, thus changing the social environment that individuals 45 
experience (Edenbrow, Darden et al. 2011, Leu, Farine et al. 2016). Broadly, such 46 
changes can impact population social structure (Ansmann, Parra et al. 2012) and 47 
population processes, such as the spread of disease (MacIntosh, Jacobs et al. 2012, 48 
VanderWaal, Atwill et al. 2013, VanderWaal, Atwill et al. 2013, Weber, Carter et al. 2013, 49 
Adelman, Moyers et al. 2015) and information (Aplin, Farine et al. 2012, Allen, Weinrich 50 
et al. 2013, Aplin, Farine et al. 2015, Farine, Aplin et al. 2015, Firth, Sheldon et al. 2016). 51 
As a consequence, the dynamic changes in the patterns of connections among 52 
individuals can have major impacts on the evolution and maintenance of group living. 53 
Yet we have little understanding of how such changes play out at the individual-level, 54 
and how the responses of individuals to change drive population-level outcomes. 55 
 56 
A useful tool for quantifying how individuals are connected is social network analysis 57 
(Whitehead 2008, Farine and Whitehead 2015, Krause, James et al. 2015). Social 58 
networks capture information about individuals (nodes) and the relationships (edges) 59 
between them, allowing us to scale from the individual level (‘what is the social 60 
environment in which individual i is embedded?’) through to the population (‘what is 61 
the overall structure arising from the connections among individuals?’). However, these 62 
relationships have a temporal component – individual relationships come and go 63 
through time (for example with season, or due to births and deaths), while relationships 64 
form and disband. Thus, there is increasing call for studies of animal social networks to 65 
take such temporal dynamics into account (Blonder, Wey et al. 2012, Hobson, Avery et 66 
al. 2013). 67 
 68 
In addition to better understanding the nature of social relationships per se, dynamic 69 
social network analysis is important for studying population processes. Both disease 70 
and information transmission have an inherent temporal element: the status of 71 
individuals from susceptible to infected, or naïve to knowledgeable, changes 72 
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progressively over time. Thus, being able to link the dynamic patterns of connection in 73 
time with the changing status of individuals will surely provide more robust conclusions 74 
and predictions about the role of social structure in shaping population processes. 75 
 76 
However, there is little guidance available about when dynamic networks should be 77 
implemented, and when they are likely to be most useful. Dynamic networks can 78 
increase the temporal resolution we use to study animal behaviour, but this can 79 
sometimes come at the cost of precision. Further, many studies seek to understand 80 
general biological patterns, which can be at odds with the specificity of a network 81 
constructed at a fine temporal scale from one group or population. Finally there is the 82 
question of what temporal resolution is most appropriate when implementing dynamic 83 
networks. Such questions impact both studies focused on the dynamic changes in the 84 
social network directly (e.g. Franz, Altmann et al. 2015, Ilany, Booms et al. 2015), and 85 
those that aim to understand the links between population-level network structure and 86 
population processes (e.g. Springer, Kappeler et al. 2017). Thus, while dynamic 87 
networks are clearly important in some contexts, they may not be necessary or 88 
appropriate for all studies. 89 
 90 
In this paper, I provide some guidelines on when it might be useful to analyse observed 91 
data as a dynamic network, and how to decide on its temporal resolution. Many of the 92 
considerations associated with constructing and interpreting networks are explained in 93 
detail elsewhere (e.g. Craft 2015, Farine and Whitehead 2015), and so my focus will be 94 
exclusively on addressing their temporal dimension. However, I do note that how the 95 
data for networks are collected can influence the inferences we can draw from our 96 
models (Perkins, Cagnacci et al. 2009). In that context, I briefly discuss issues of data 97 
quality. Finally, I highlight how moving to a finer temporal resolution, while not 98 
necessarily important for a given biological question, can help reveal patterns in the 99 
data that might be hidden when using a static approach. 100 
 101 
General methodological issues 102 
 103 
There are two general methodological issues that are prominent to dynamic social 104 
network analysis. The first issue is whether enough data are available to construct each 105 
of the temporal snapshots of the network. Because networks contain many more 106 
relationships (edges) than individuals (nodes), constructing a network requires a great 107 
deal of data (Farine and Strandburg-Peshkin 2015). If multiple networks are 108 
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constructed (i.e. a dynamic network), then each of these should each contain sufficient 109 
data to construct robust networks and have similar (or equal) sampling efforts. Of 110 
course all data used to construct the network(s) should be sampled in exactly the same 111 
way, as sampling methods can have major implications on the resulting network. 112 
Hypothesis testing should also be based on null models, which can help to control for 113 
some of the differences among samples (see Farine 2017). 114 
 115 
A second issue is that it is widely considered to be problematic to compare differently-116 
sized networks (Croft, James et al. 2008). For example, the population in time period 1 117 
might be larger or smaller than the population in time period 2. Thus, we expect that 118 
individuals will have fewer associates (a lower degree) in the smaller network (because 119 
there are fewer individuals with whom to associate). On this point, it is important to 120 
consider whether the observed change is important biologically. Having a smaller group 121 
size will matter for individuals, and so the fact that we a priori expect them to have 122 
fewer associates does not preclude this having an impact on their behaviour or fitness. 123 
Thus, many network comparisons that would be invalid in some cases could be 124 
legitimately applied to the same population across time. However, if the difference in the 125 
size of the networks is due to methodological reasons, for example fewer samples were 126 
collected in time period 2, resulting in fewer observed individuals, then there is clearly a 127 
cause for concern. 128 
 129 
 130 
When are network dynamics important? 131 
 132 
Social networks dynamics are applicable to studies of changes in the network structure 133 
itself, and studies of transmission dynamics. The former is largely aimed at 134 
understanding the building blocks of social systems, whereas the latter is focussed on 135 
understanding processes that could be good or bad for individuals in that system. Here I 136 
outline different aspects of these two questions that warrant considerations when 137 
designing a study and having to decide whether to take a dynamic approach. 138 
 139 
Network structure 140 
 141 
As the environment changes, so does the social behaviour of many animal species. For 142 
example, in great tits, birds form loose mixed-species flocks during the winter but hold 143 
territories during the spring breeding season (note that I consider both to represent 144 
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social behaviour). This change raises several questions. Do relationships during the 145 
winter influence those in the spring? Does winter social behaviour influence 146 
reproductive success? In the case of great tits in Wytham Woods, the answer to both 147 
questions is yes: birds that winter together breed closer (Firth and Sheldon 2016), and 148 
individuals’ social environment during the winter is an important predictor of their 149 
fitness (via social selection, Farine and Sheldon 2015). More broadly, although the 150 
woodland appears to have two distinct states, the behaviour of individual birds is, in 151 
fact, temporally-linked across these states (or seasons in this case). 152 
 153 
Dynamic social network analysis will be important for understanding how changes in 154 
the environment impacts social structure. Drought, floods, fire, and a range of other 155 
impulse events can have profound impacts on how animals interact (or with whom), 156 
subsequently affecting competition and reproductive success. While many such 157 
questions have been explored by ecologists, social network analysis provides a novel 158 
window by allowing the impacts to be quantified at the individual level, and the links 159 
between past, current, and future behaviour to be carried across contexts.  160 
 161 
In addition to broad environmental change, individual traits, such as dispersal status, 162 
social rank, or age, can change how animals behave over time. It has also been suggested 163 
that the presence or absence of particular individuals can impact the structure of 164 
interactions in animal social networks (Flack, Girvan et al. 2006, Barrett, Henzi et al. 165 
2012, Franz, Altmann et al. 2015). Dynamic social network analysis, such as comparing 166 
networks before and after a disappearance, has the potential to reveal a great deal about 167 
the mechanisms and consequences of particular animals on the social lives of others. For 168 
example, which individuals change behaviour most? How do changes result in changes 169 
in social network position? What are the impacts on global properties of the social 170 
networks in which these individuals are embedded? 171 
 172 
An important question when studying dynamics of networks is whether changes in the 173 
network are homogenous, or centred on particular individuals (Franz and Alberts 174 
2015). For example, the loss of an individual would reduce the mean degree in the 175 
network (there are fewer opportunities to interact). A key question is whether this 176 
occurs equally across all individuals (i.e. the relative rank of degree remains stable) or if 177 
it changes disproportionately among individuals. For example, in female vampire bats 178 
that can rely on food sharing for survival, the loss of an individual from the colony will 179 
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disproportionately impact individuals with fewer social bonds (Carter, Farine et al. 180 
2017).  181 
 182 
 183 
Transmission dynamics 184 
 185 
A major aim for studying changing network structure is to understand or predict the 186 
effects these changes will have on information or disease transfer. The use of networks 187 
for studying transmission dynamics can generally be split into two alternative aims: (i) 188 
trying to model or understand an observed epidemic (e.g. Bull, Godfrey et al. 2012, 189 
VanderWaal, Atwill et al. 2013) or information spread (Aplin, Farine et al. 2015), and (ii) 190 
making general predictions about the susceptibility of a population with a particular 191 
social structure to a new disease (e.g. Hamede, Bashford et al. 2009, Springer, Kappeler 192 
et al. 2017). These quite different aims also require different considerations when it 193 
comes to employing dynamic network analysis. For simplicity, below I mostly focus on 194 
studies of disease, but the same considerations are applicable for information 195 
transmission. 196 
 197 
(i) Studying observed patterns 198 
Improvements in analytical tools, including social network analysis, have greatly 199 
enhanced our ability to draw inferences from observed epidemics. For example, 200 
Brockmann and Helbing (2013) used data from two global epidemics to highlight the 201 
role of air travel as a pathway of disease transmission. Similarly, VanderWaal, Atwill et 202 
al. (2013) found that the similarity in E.coli infections in giraffes (Giraffa camelopardalis) 203 
more closely resembled their patterns of social association rather than shared use of 204 
waterholes, while social networks predicted similarity in salmonella infections of sleepy 205 
lizards (Tiliqua rugosa) (Bull, Godfrey et al. 2012). Several studies have also inferred 206 
rates of information transmission through networks of animals in the wild (Aplin, Farine 207 
et al. 2012, Allen, Weinrich et al. 2013, Hobaiter, Poisot et al. 2014, Aplin, Farine et al. 208 
2015, Farine, Aplin et al. 2015). In all these cases, studies matched networks derived 209 
from empirical observations with some independently-measured data on disease (or 210 
individual behavioural states) to generate insights into transmission processes. 211 
 212 
Better accounting for the dynamic ordering of connections among individuals when 213 
constructing social networks will be most important when studying real (as opposed to 214 
simulated) diffusion processes, because 1) this will better reveal the transmission 215 
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pathways, and 2) it will allow more accurate estimations of the transmission rates. 216 
Having information about both the timing of the contacts among individuals (or 217 
opportunities for transmission) and the probable occurrence of transmission events will 218 
greatly improve the ability to draw conclusions about how associations between 219 
individuals promote transmission. For example, take a situation where different groups 220 
of animals each have their own source of water. Then say that a drought hits, and for a 221 
few weeks most of the waterholes are dry, forcing the population to aggregate at just a 222 
few waterholes. Taken over a long study period, static networks representing shared 223 
waterhole use will have strong within-group ties, and very weak out-group ties. 224 
However, if a sick individual was present during that drought, then that individual could 225 
have passed on pathogens to the entire population during that very short period of time, 226 
which would be better reflected by the short-term but strong out-group ties during the 227 
drought. The outcome of this hypothetical scenario could be even more important if 228 
periods of drought coincide with immunodeficiency from heightened stress that 229 
increases transmission probability. Thus, a dynamic network, here constructed around 230 
the temporal change in climatic conditions, could increase the perceived importance of 231 
shared waterhole use for disease transmission relative to the importance placed on 232 
shared waterhole use based on a static network. 233 
 234 
A static network will also always contain many edges that were not necessarily present 235 
at the time when a transmission event actually occurred. This could be important when 236 
estimating transmission rates. For example, a static network (Figure 1B) could 237 
erroneously suggest that transmission is not always likely between an infected 238 
individual and a susceptible individual, when in fact a dynamic network implementation 239 
(Figure 1A) would correctly reveal a 100% transmission rate. Note that this is a 240 
fundamentally different question to the perspective often presented that a dynamic 241 
network is important when simulating outbreaks (see next section) because it captures 242 
the fact that not all individuals could become infected based on a specific start point. For 243 
example, if either of the lower nodes (those that are blue on Day 1) in Figure 1 first 244 
acquired the disease, then the top-most node (shown using the *) could never become 245 
infected, which is obvious when using a dynamic network because by the time the 246 
disease would reach the right-most node there would be no connections to the top-most 247 
node (Figure 1A). However, this detail is lost when using a static representation (Figure 248 
1B). 249 
 250 
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 251 
 252 
Figure 1. Illustrating the potential importance of accounting for network dynamics 253 
when quantifying transmission rates in an observed epidemic. In this toy example, the 254 
original individual carrying the disease is marked by a *. Infected individuals can 255 
transmit to non-infected individuals (blue), and individuals are marked orange on the 256 
day they become infected, but cannot pass on the infection on the same day. (A) The 257 
infection can be modelled using a dynamic network. On day 1, the original carrier infects 258 
the only individual it is connected to. On the second day, the disease is transmitted 259 
between the newly infected individual and its new social partner. On the third day, the 260 
disease transmits to the last remaining individual. No doubt this is a highly virulent 261 
pathogen. This is clear when taking a dynamic network perspective (A): whenever an 262 
edge is present between an individual with pre-existing disease (yellow) and an 263 
uninfected individual (blue), the latter becomes infected (orange). Thus, we can 264 
conclude that there is a 100% transmission probability. By contrast, when using a static 265 
network (B), the disease is not observed to transmit through the double-strength edge 266 
on day 2, meaning that the inferred transmission rate would be below 100%. 267 
 268 
 269 
(ii) Making general predictions 270 
 271 
In contrast to studying observed epidemics, many studies have focused on modelling the 272 
potential outcome of a pathogen (or new information) entering a network. In this case, 273 
simulations involve introducing a disease at one (or more) random individuals at a 274 
random point in time. Here, the value of dynamic networks becomes less clear. The crux 275 
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of the argument I will lay out below is that when the aim of modelling transmission 276 
processes on networks is to make relatively general predictions (such as the size of an 277 
outbreak rather than the specific pathway it takes), then static networks are often better 278 
representations of an average population. By contrast, a dynamic network is a specific 279 
case—generally relevant only to the specific time period in which the population was 280 
studied. Simulating an outbreak on an observed dynamic network might reduce the 281 
generality of the predictions. 282 
 283 
The key question that one should ask when deciding whether to take a dynamic 284 
approach to modelling transmission through networks is: are the dynamics repeatable? 285 
Because the aim is to simulate a disease entering the population at a random point in 286 
time, then observed dynamics are only informative if they are likely to re-occur. Some 287 
consistent patterns in the ordering or strengths of connections are clearly important to 288 
account for. For example, many animals demonstrate seasonal changes in the patterns of 289 
connection among individuals, such as the transition into a breeding season (e.g. Brent, 290 
MacLarnon et al. 2013, Rushmore, Caillaud et al. 2013), and these are an important and 291 
repeatable part of their life histories. If a future epidemic enters the population, we 292 
expect the population to experience these same changes in the same order, and thus 293 
accounting for seasonal change will be important for making predictions about 294 
transmission outcomes. Take air travel as another example. If we wish to predict the 295 
speed at which an epidemic would spread through the global human population, we 296 
might well choose to compare a scenario in the middle of May with a scenario where an 297 
epidemic hits in late December.  298 
 299 
However, accounting for the very fine-scale detail about who came into contact first 300 
versus second is often much less important when making general predictions about how 301 
an epidemic spreads through a population. Figure 1 highlights why taking a dynamic 302 
network approach is beneficial for studying observed epidemics. But, if our aim is to 303 
model what could happen at some unknown time in the future, are these dynamics 304 
equally important? Say individual A contacts B, then B contacts C; we might conclude 305 
that C can never infect A. Now say we re-observe the same three individuals at another 306 
time. We might find that this ordering changes (e.g. sometimes A contacts C before 307 
contacting B), and that the ordering is largely unpredictable (and could simply be a 308 
function of when we started our observations). If this is the case, then our observed 309 
dynamics do not provide us with much power when it comes to predicting the outcome 310 
of a future epidemic. By contrast, capturing the underlying rates at which these 311 
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individuals come into contact (i.e. how many times do we observe A contacting B, B 312 
contacting C, etc. over a reasonable timeframe given the biology of our study species) 313 
will allow more general conclusions to be drawn. This is because a probabilistic model 314 
simulating transmission where the probability of transmission is weighted by the 315 
strength of the connection among the individuals (i.e. the rate at which they are in 316 
contact) will generate the same outcomes as dynamic networks in which the ordering of 317 
contacts is random (but of course maintaining who contacts who). As a rule, while the 318 
dynamic network in Figure 1A is most important when quantifying an observed 319 
epidemic event, the static network in Figure 1B might be more useful for making 320 
predictions about the outcome of an epidemic at some unknown time in the future. 321 
 322 
In addition to consistent ordering of contacts, there is a further exception to the rule 323 
above. Static networks will not generate the same predictions if the transmission 324 
probability scales non-linearly with the strength or intensity of contacts. Take 325 
individuals A, B, and C again. At each time step, only one pair of individuals are in 326 
contact (the ordering is random), but the contact is strong (say 1 unit, on a range of 0 to 327 
1). Thus, the average density of the network (the sum of edge weights divided by the 328 
potential sum of edge weights) is 1/3 (there are 3 possible edges that could each have a 329 
maximum value of 1). If we make a static representation of the network, then each pair 330 
of individuals (i.e. each edge) will be present on average one third of the time, and thus 331 
the three edges will all have an edge weight of 1/3 (and thus the static network will 332 
have exactly the same density as the dynamic network). In situations where 333 
transmission is directly proportional to the strength of the contact, then the average of 334 
many simulations run using a static representation of the network will generate 335 
identical predictions as the average outcome from many simulated epidemics on a 336 
dynamic representation of the network. However, if stronger contacts are 337 
disproportionately likely to result in a transmission event than weaker contacts, then 338 
the static network could under-estimate the potential of an outbreak. This is because the 339 
static network will not capture the nature of occasional but strong contacts. If the 340 
relationship between contact rate and transmission probability is weak, then a dynamic 341 
network could under-estimate the predicted outbreak size. Having a non-linear 342 
transmission probability could explain why recent studies (e.g. Springer, Kappeler et al. 343 
2017) have found differences in the outbreaks predicted by dynamic compared to static 344 
networks. I illustrate this important point more thoroughly in the case study below. 345 
Before I do so, I want to highlight that we could conclude from this case study that it is 346 
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always important to model dynamic networks, but to my knowledge the vast majority of 347 
models have implemented a linear transmission probability. 348 
 349 
 350 
Case study: Transmission properties determine differences in simulated spread 351 
when using static and dynamic networks 352 
 353 
Several studies have compared the impact of disease spreading through static versus 354 
dynamic networks (Volz and Meyers 2009, Springer, Kappeler et al. 2017). However, the 355 
mechanisms that underlie the differences reported in how diseases (I note this is also 356 
relevant to information) spread through different implementations of the same network 357 
data have not been well explored. Here I demonstrate how different ways in which the 358 
probability of transmission is modelled can generate predictable differences in the 359 
spread of a disease. 360 
 361 
Because disease transmissions through networks are often modelled as a function of the 362 
strength or propensity for individuals to be in contact, a simple prediction is that 363 
networks with more contacts will facilitate faster and/or wider spread. However, in a 364 
well-designed simulation study, the weighted density of a static network should be 365 
exactly equal to the average weighted density of each time slice in a dynamic network, 366 
and thus not impact the predictions about how a disease should spread (as highlighted 367 
above with the densities of 1/3). I demonstrate this point by constructing a simple 368 
simulation model. This model consists of 50 individuals, whose contacts are observed 5 369 
times per day for 10 days. For each of these observations (n=50), I generate a random 370 
undirected binary network with a tie probability of 0.2 using the sna package (Butts 371 
2008) in R (R Development Core Team 2017). I then generate a static network from 372 
these data, where each edge is defined as the average number of contacts per day 373 
averaged over the 10 days, and a dynamic network where each network represents 1 374 
day and the edges represent the number of contacts between each pair of individuals 375 
observed on that day. For simplicity I implement only a susceptible-infected model—376 
that is individuals do not recover from their infection. Further, because there are no 377 
edges in the static network that were no observed in the dynamic network (and vice-378 
versa), the results are generalisable to more structured networks as generally found in 379 
animal populations. This is demonstrated in the supplemental results that contain the 380 
same predictions generated using a network based on mixed-species flocks visiting 381 
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feeders (as described in Farine, Garroway et al. 2012) contained within the R package 382 
asnipe (Farine 2013). 383 
 384 
First, I simulate the spread of disease on each network using a linear transmission 385 
probability. That is, the probability that an individual 𝑖𝑖 acquires a disease from one of its 386 

contacts on a given day is proportional to their contact rate: 𝑃𝑃�𝑇𝑇𝑖𝑖,𝑗𝑗� = 𝐼𝐼𝑗𝑗𝛽𝛽𝛽𝛽, where 𝛽𝛽 is 387 

the transmission rate, 𝑥𝑥 is the contact rate per day, and 𝐼𝐼𝑗𝑗 is the infection status of 388 

individual 𝑗𝑗. Note that 𝑃𝑃�𝑇𝑇𝑖𝑖,𝑗𝑗� = 0 when 𝐼𝐼𝑗𝑗 = 0. This transmission probability is shown in 389 

Figure 2A as a solid black line. The disease spread is simulated over 10 days (for the 390 
dynamic network this is a different network each day, whereas the static network uses 391 
the same edge values 10 times over). Because the density (i.e. the proportion of realized 392 
edges) of the static and dynamic networks are equal, the predicted number of infected 393 
individuals at the end of the observation period/simulation is equal, as shown in Figure 394 
2B-C. I note here that the prediction for a single simulation run on both the static and 395 
dynamic network representation could be quite different. However, the general patterns 396 
over many replicated simulations are identical. For example, in this scenario we predict 397 
that in 50% of outbreaks in our population, the proportion of individuals infected will be 398 
between 0.35 and 0.65 after 10 days. 399 
 400 

 401 
Figure 2. The number of individuals infected is predicted to be equal when the 402 
transmission rate is linearly proportional to the contact strength (or edge weight) in the 403 
network. Panel A shows the probability distribution of edge weights for a dynamic 404 
network (red), a static representation of the same dynamic network (blue), and the 405 
transmission probability as a function of edge weight (black line). Panel B shows the 406 
cumulative number of infected individuals (population size N=50) over 10 days from 407 
one run of the simulation. Panel C shows the proportion of the population infected on 408 
day 10 as estimated from 1000 simulations. 409 
 410 
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However, the relationship between contact rate and transmission probability is not 411 
always linear. One scenario is that the relationship between these two is a decelerating 412 
function. That is, their relationship increases up until some point whereupon it 413 
saturates, thus having stronger contacts does not further increase transmission rate. 414 
This type of spread function could represent a scenario where two individuals just have 415 
to be in the same area, and any edge (even a weak one) is likely to facilitate 416 
transmission. For example, a child just has to be in the same room as another child with 417 
chickenpox for 15 minutes to catch it, which contrasts with the intensity of contact 418 
required to transmit HIV. Such a function is given in Figure 3A (solid line). If disease 419 
transmission occurs at quite weak connections, this means that the edge weight 420 
becomes much less important than the presence/absence of an edge (all edges transmit 421 
at relatively equal rates). In such a situation, averaging a dynamic network into a static 422 
network will increase the number of edges present in each round of the simulation (10 423 
rounds representing 10 days), because edges only have to be present on a single day in 424 
order to be present in the static network. As a result, the simulation consistently 425 
predicts larger outbreak sizes for the static network (Figure 3B-C). I note here that 426 
applying a threshold to reduce the number of weak edges in the static network would be 427 
inappropriate, not just because of general issues associated with thresholding (see 428 
Farine 2014), but because it would also alter the relative weighted densities of the 429 
network. 430 
 431 

 432 
Figure 3. The outbreak of disease is predicted to be larger in static networks when the 433 
transmission rate is a decelerating function relative to the contact strength (or edge 434 
weight) in the network. Panel A shows the probability distribution of edge weights for a 435 
dynamic network (red), a static representation of the same dynamic network (blue), and 436 
the transmission probability given an edge weight (black line). Panel B shows the 437 
cumulative number of infected individuals (N=50) over 10 days from one run of the 438 
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simulation. Panel C shows the proportion of the population infected on day 10 as 439 
estimated from 1000 simulations. 440 
 441 
A final scenario is the case of an accelerating function, where individuals with very 442 
strong contacts have disproportionately high transmission rates. In terms of biology, 443 
this could represent close bodily contact between kin (e.g. extended parental care) or 444 
pair bonds that does not occur between weaker associates (e.g. the HIV example). Such a 445 
relationship is shown in Figure 4A (solid line), although an alternative model could be a 446 
step function. Because transmission is much more likely between strongly-connected 447 
individuals in the network, simulations typically predict much smaller outbreaks in 448 
static networks compared to dynamic networks (Figure 4B-C). This is because of the 449 
averaging effect when creating the static network that greatly reduces the spread of the 450 
distribution of edge weights (as shown by the histograms in Figure 4A). By contrast, the 451 
dynamic network captures the fact that connections can be intermittently strong. 452 
 453 

 454 
Figure 4. The outbreak of disease is predicted to be larger in dynamic networks when 455 
the transmission rate is an accelerating function relative to the contact strength (or edge 456 
weight) in the network. Panel A shows the probability distribution of edge weights for a 457 
dynamic network (red), a static representation of the same dynamic network (blue), and 458 
the transmission probability given an edge weight (black line). Panel B shows the 459 
cumulative number of infected individuals (N=50) over 10 days from one run of the 460 
simulation. Panel C shows the proportion of the population infected on day 10 as 461 
estimated from 1000 simulations. 462 
 463 
To conclude this case study, I have shown that the shape of the transmission probability 464 
curve (the relationship between edge weight and transmission probability) can have a 465 
major impact on the prediction of disease (and equally information) models. This fact 466 
could help to explain some of the results found in other studies. Does it justify the use of 467 
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dynamic networks for generating predictions about the impact of some future disease? 468 
It certainly warrants careful consideration about how the disease spread is modelled. If 469 
accurate data are available, both from the network perspective (see below) and the 470 
disease transmission function, then perhaps it does warrant using dynamic networks. 471 
By contrast, if the purpose of forming the model is to generate predictions for a 472 
population or a species, then a more general network (i.e. a static network) with a linear 473 
transmission relationship will produce more general predictions. 474 
 475 
 476 
What temporal resolutions should the dynamic networks have? 477 
 478 
A key consideration when transitioning from static to dynamic networks is what time 479 
resolution to use. There are two general approaches to implementing a dynamic 480 
network: time-ordered and time-aggregated (Blonder, Wey et al. 2012). In a time-481 
ordered network, each edge is present only for the ‘exact’ period of time over which it 482 
occurred. That is, if individual A and B interacted from time 35 to time 45, then the edge 483 
is only present for that period. This approach is very precise, but also requires detailed 484 
observations (and is typically only useful in situations where all individuals can be 485 
observed simultaneously, e.g. Mersch, Crespi et al. 2013, Strandburg-Peshkin, Farine et 486 
al. 2015). The alternative method, time-aggregated networks, involves generating 487 
replicated networks over relatively short timeframes – for example daily (Boogert, 488 
Farine et al. 2014) or weekly (Aplin, Firth et al. 2015) networks. Importantly, the 489 
timescale here might be largely dependent on both the data availability and the 490 
question. For example, a system where individuals are only observed once per week will 491 
not be particularly suitable for weekly, let alone daily, networks (for further discussion 492 
on minimum data recommendations for constructing networks, see Whitehead 2008, 493 
Franks, Ruxton et al. 2010, Farine and Strandburg-Peshkin 2015, Farine and Whitehead 494 
2015). The temporal patterns of the disease/information transmission process (the 495 
ability to observe this or how fast they spread) should also play a part in determining 496 
the temporal resolution of the dynamic network (see Cross, Lloyd-Smith et al. 2005).  497 
Here, I suggest two considerations to help determine a suitable temporal resolution 498 
from the transmission-perspective. 499 
 500 
First, many transmission processes can occur over relatively long time-frames. Many 501 
diseases have extended incubation periods. For example, chickenpox has an incubation 502 
period of 2-3 weeks, and therefore the exact time that the actual transmission took place 503 
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could be uncertain (this might generally be less applicable to information, though 504 
repeated exposure to information might be important in some systems, such as tool 505 
users). In such cases, high-resolution second-by-second temporal resolution of edges 506 
will lead to a mismatch between the resolution of the network and the resolution at 507 
which we can infer a transmission event. A daily or weekly network might provide a 508 
more appropriate model against which to infer transmission characteristics. As with 509 
defining the appropriate spatial scale at which transmission is likely to take place 510 
(Grear, Luong et al. 2013), the temporal resolution of the networks should be scaled 511 
according to the life cycle of the transmission process being measured. 512 
 513 
Second, there is often error associated with the measurement of when a transmission 514 
event might have taken place. For example, a study might use a weekly sampling regime 515 
to test for infections, resulting in a temporal resolution of one week. Again, fitting 516 
networks at higher resolution than one week would introduce a mismatch in the 517 
temporal scales (or the temporal uncertainty) between the two datasets (the network 518 
and the individual states). A similar issue exists for information transmission: the 519 
‘information’ state of an individual might be determined by when it performs the action, 520 
but this provides no data about when it actually acquired the information. Thus, in 521 
general, the appropriate resolution to use should be the one that matches the ability to 522 
measure individual states and the uncertainty associated with when an individual has 523 
transitioned to that state. Take the information example—the uncertainty period might 524 
equate the average time between sightings of the individual when it could have 525 
performed a new behaviour. This rule applies both to studies of observed epidemics and 526 
to those that simulate epidemics, where the aim of the latter is to make testable 527 
predictions. 528 
 529 
There are many tools available across different disciplines that could be of help for 530 
choosing the correct temporal resolution at which to define events in dynamic data. 531 
Some of these method involve detecting clusters of events, such as periods in which 532 
bursts of transmission events happen (Psorakis, Voelkl et al. 2015). Other methods are 533 
aimed at identifying points at which the value of a measure of interest changes, such as 534 
change point analysis (Gurarie, Andrews et al. 2009). Methods for identification of 535 
timescales in complex systems are particularly promising (Darst, Granell et al. 2016). 536 
Finally, a number of statistical modelling approaches have been suggested as useful 537 
when evaluating questions of network dynamics (see Silk, Croft et al. 2017). The 538 
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application of such tools for dynamic animal social network analysis warrants continued 539 
investigation 540 
 541 
 542 
Can using dynamic networks help my study? 543 
 544 
There are a number of trade-offs when considering whether to implement dynamic 545 
networks versus static networks. On the one hand, a well-designed study that uses 546 
network dynamics at a temporal scale that matches the epidemic/information 547 
transmission profile will undoubtedly generate the most accurate conclusions, or allow 548 
the most accurate predictions. On the other hand, implementing network dynamics adds 549 
complexity to the model, can reduce the generality of the findings, and can overinflate 550 
the perceived quality of predictions. These trade-offs are not always clear-cut, and there 551 
can be many combinations of factors that will determine which approach is best. In 552 
Figure 5, I provide an overview of some of the considerations discussed in this paper. I 553 
also discuss a few more nuanced considerations below. 554 
 555 

 556 
Figure 5. When to choose dynamic versus static social network analysis? This figure 557 
summarises the main questions considered in this paper.  558 
 559 
One of the motivations for studying networks is that complex outcomes are often not 560 
directly reducible to the interactions among individuals. Adding an additional dimension 561 
to this problem (i.e. time) further complicates matters. First, it leads to greater 562 
difficulties for generating null models (see Croft, Madden et al. 2011, Farine and 563 
Whitehead 2015). Second, and most importantly, it becomes more challenging to 564 
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generate predictions—and thus does not lend itself well to the hypothesis-testing 565 
framework biologists are generally used to. Thus, when considering whether to 566 
implement a dynamic network approach, one useful step is to ask ‘can I make 567 
predictions using this framework?’. This will help clarify what network choice is 568 
appropriate. 569 
 570 
One case where using dynamics networks is clearly important is situations in which 571 
there is some predictability to the dynamics. I have already noted seasonality as one 572 
driver of dynamics. Another potentially important factor is whether animals exhibit 573 
some consistent differences in their behaviour when they change state. For example, 574 
infected mice exhibit sickness behaviours that lead to reduced connections (Lopes, 575 
Block et al. 2016). Similarly, female guppies (Poecilia reticulata) infected with 576 
ectoparasites are less social and also alter the behaviour of the other fish (Croft, 577 
Edenbrow et al. 2011). In many cases, patterns arising from individuals changing state 578 
will warrant higher-resolved networks (such as updating the network each time an 579 
individual becomes sick), and this warrants much greater consideration from modelling 580 
studies. However, data from an empirical dynamic network will be most useful if the 581 
timing of state changes are also known, hence coming back to the question of matching 582 
network data with independent data (see Figure 5).  583 
 584 
Although making predictions about the dynamics of networks can be challenging, using 585 
dynamic networks to test other hypotheses that are not dependent on these dynamics 586 
can be useful. In particular, using dynamic networks can sometimes help reveal patterns 587 
that may be obscured in a more aggregated static network. In well-connected 588 
populations (e.g. groups observed in captivity), constructing a static network may make 589 
individuals appear much more connected than they actually are. Despite the fact that we 590 
have ‘weighted’ versions of just about every network metric, the impact of the presence 591 
versus absence of edges (as a binary form) is still relatively large, even when using these 592 
weighted metrics. Thus, compiling all observations into one static network can lose 593 
some of the subtle characteristics of the animals’ social behaviour. For example, for a 594 
study using PIT-tagged zebra finches living in aviaries, Boogert, Farine et al. (2014) 595 
created daily networks and fit them as replicated observations in a linear mixed model. 596 
The patterns observed with this method were much clearer than those generated with 597 
the full 35 days’ worth of data compressed into a single network – because the latter 598 
was very densely connected with less distinction between strong and weak edges. It is 599 
also important to note that, in this case, the continuous collection of PIT tag data 600 
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throughout the observation period provided sufficient data to create networks at this 601 
daily resolution.  602 
 603 
 604 
Final thoughts 605 
 606 
When I initially embarked on writing this manuscript, I was very cynical of dynamic 607 
networks—to me they represented another fad where the method drives the question 608 
(without appropriate predictions). However, I have largely convinced myself that 609 
explicitly accounting for network dynamics will be important in more cases than not, as 610 
highlighted by the many pathways in Figure 5 leading to dynamic network analysis. 611 
Where the data allow it, most empirical studies will benefit from accounting for changes 612 
in patterns of connections over time (even when they do not explicitly test questions 613 
about the dynamics). I have also highlighted that models need to take much greater care 614 
to consider the effects of the relationship between contact rates and transmission, and 615 
to properly explore causes underlying any differences in predictions between 616 
simulations based on dynamic and static networks that are generated by the model. 617 
More broadly, empirical studies are urgently needed to verify existing modelling studies 618 
and inform future ones. 619 
 620 
There are many motivations for studying the links between the environment, social 621 
structure, and transmission processes. Ultimately, all studies will benefit from robust 622 
analytical approaches. Social network analysis has many advantages, notably by 623 
providing a common set of tools and approaches among different studies and model 624 
systems. Dynamic networks will play an important role in increasing the robustness of 625 
network analyses. By providing some guidance on their application, I hope to have 626 
helped researchers with making some of the difficult decisions that arise when 627 
designing studies of social systems.  628 
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