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ABSTRACT 20 

Social network analyses allow studying the processes underlying the associations 21 

between individuals and the consequences of those associations. Constructing and 22 

analysing social networks data can be challenging, especially when designing new 23 

studies as researchers are confronted with decisions about how to collect data and 24 

construct networks, and the answers are not always straightforward. The current lack 25 

of guidance on building a social network for a new study system might lead 26 

researchers to try several different methods, and risk generating false results arising 27 

from multiple hypotheses testing. Here, we suggest an approach for making decisions 28 

when starting social network research in a new study system that avoids the pitfall of 29 

multiple hypotheses testing. We argue that best edge definition for a network is a 30 

decision that can be made using a priori knowledge about the species, and that is 31 

independent from the hypotheses that the network will ultimately be used to evaluate. 32 

We illustrate this approach with a study conducted on a colonial cooperatively breeding 33 

bird, the sociable weaver. We first identified two ways of collecting data using different 34 

numbers of feeders and three ways to define associations among birds. We then 35 

evaluated which combination of data collection and association definition maximised (i) 36 

the assortment of individuals into previously known ‘breeding groups’ (birds that 37 

contribute towards the same nest and maintain cohesion when foraging), and (ii) 38 

socially differentiated relationships (more strong and weak relationships than expected 39 

by chance). This evaluation of different methods based on a priori knowledge of the 40 

study species can be implemented in a diverse array of study systems and makes the 41 

case for using existing, biologically meaningful knowledge about a system to help 42 

navigate the myriad of methodological decisions about data collection and network 43 

inference. 44 

Keywords: assortativity, group living, methods, Philetarius socius, social behaviour, 45 

social network analysis  46 



INTRODUCTION 47 

Social network analysis (SNA) has gained popularity in behaviour ecology as a tool to 48 

study the processes underlying the associations between individuals and the 49 

consequences of those associations (Cantor et al. 2019). It allows biologists to 50 

characterize not only the social environment experienced by a single individual in the 51 

population, but also the broader social characteristics of a population (Newman 2010). 52 

However, while the methods involved in analysing a network are reasonably well-53 

explained (e.g. Whitehead 2008), there are many decisions involved with the design of 54 

data collection and creating the network itself (Farine and Whitehead 2015).  55 

Decisions about the design of a study can have consequences on the inferred network 56 

structure (James et al. 2009). How can we know that our design decisions produce a 57 

suitable network for the species and the type of hypotheses we are studying? There is 58 

generally little discussion of the considerations made when designing a network-based 59 

study, with most published papers presenting their design as a “fait accompli”. 60 

When analysing a social network, the key decision that needs to be made is how to 61 

define the relationships (edges) connecting the individuals (nodes). This definition can 62 

include two main components. The first is the set of considerations relating to how data 63 

are collected (e.g. direct observations vs. video recordings), and the second is the 64 

decisions that relate to how observations are turned into edge weights (e.g. rate of 65 

interactions vs. time spent together). In most systems, the scope of decisions about 66 

data collection appears constrained by methodological limitations, but often there are 67 

choices that reflect some trade-offs. For example, is it better to collect fewer data 68 

across more individuals at once or to collect more detailed data on fewer individuals? 69 

These decisions in turn have consequences for hypotheses testing. Davis et al. (2018) 70 

provided a useful general discussion on the impact of these trade-offs. However, there 71 



is no general guidance on how to quantify the relative value of different approaches 72 

when faced with designing methods for real data collection.  73 

Once data are collected, the second set of considerations that arise reflect decisions 74 

about how to calculate the strength of the relationships among individuals. While one 75 

aspect determining the accuracy of a network to ensure that sufficient data are 76 

collected (see Farine and Strandburg-Peshkin 2015), how data are used to generate 77 

quantitative measures of connection strength (edge weights) can also have a large 78 

impact on the resulting network. For example, different association indices (Cairns and 79 

Schwager 1987; Hoppitt and Farine 2018) or different types of data resolution (e.g. the 80 

number of grooming bouts vs. the amount of time spent grooming) can be used to 81 

estimate the strength of a given relationship.  82 

The lack of guidance on how to evaluate different approaches to data collection and 83 

network inference might lead researchers to try several different methods and to select 84 

the one that best correlates with the predictions of the study (e.g. a positive relationship 85 

between a given network metric and survival). Such a correlation could give a false 86 

impression that the method chosen produces a network that is successfully capturing 87 

the species’ or population social structure. At worse, this approach could constitute a 88 

multiple hypotheses testing scenario, elevating rates of type I errors because the 89 

design decisions are made based on producing a result. This risk is elevated when 90 

combined with opportunities to calculate multiple network metrics (e.g. degree, 91 

betweenness, etc.). For example, a researcher might be interested in understanding 92 

whether specific individual attributes, such as personality, correlate with one or multiple 93 

network centrality metrics (e.g. Aplin et al. 2013; Boogert et al. 2014a; Chock et al. 94 

2017; Johnson et al. 2017; Moyers et al. 2018; Wilson et al. 2013). In the absence of 95 

significant results, it could be tempting to change a posteriori the methods by which the 96 

network is generated from the data, such as changing the time window or the proximity 97 

criterion used to consider that two individuals are associated. While such an example is 98 



extreme, there is an important challenge arising from not knowing whether failing to 99 

reject a given null hypothesis is a consequence of the expected pattern not being 100 

present or the researchers’ failure to correctly construct the network. We therefore 101 

need an approach that avoids creating circularity, i.e. using the same data tested in 102 

different ways to corroborate a given hypothesis, as well as using the significant result 103 

to corroborate the quality of the information contained in the network. This problem is 104 

exacerbated by the lack of information, in most published studies, about how design 105 

decisions were made, i.e. whether they were made arbitrarily (or based on a published 106 

study), based on pilot studies, or if explored in the way described above (but see: 107 

Castles et al. 2014; Boogert et al., 2014a; Mourier et al. 2017, for some exceptions). 108 

Two complementary approaches can help with making decisions about the design of a 109 

network study. The first is to collect pilot data, testing different data collection setups 110 

(e.g. varying the number of simultaneous observers collecting data). Unfortunately, this 111 

is often not possible, not done, or not reported. The second is to run exploratory a priori 112 

analyses aimed at comparing different competing networks resulting from different 113 

network generation methods and in networks with different edge definition. For both 114 

approaches we propose (and show) here that comparison of the different methods is 115 

made possible by testing and interpreting simple hypotheses that we generally 116 

consider a network from that study species should support, before testing the 117 

hypothesis of central interest. 118 

Capturing structure in a given species’ network that aligns with a priori knowledge on 119 

the species can be interpreted as an approximation of hypothetical ground-truthed 120 

network (which is something that is unlikely to be available when working with non-121 

human animals). For example, in a species where mother and offspring or breeding 122 

pairs create strong social bonds, we expect that the implemented method would result 123 

in a network that would be able to capture these preferred associations (i.e. estimate 124 

the edge weight within a family/breeding pair as being significantly greater than those 125 



between other sets of individuals, see Boogert et al. 2014a and Hobson et al. 2014). 126 

Such an analysis would then provide information about whether a network is capable of 127 

differentiating, and therefore capturing, one or more important aspects of the biology of 128 

the system.  129 

In this paper, we provide an empirical example of how to make decisions about the 130 

design of a network study using exploratory a priori test. We start by formulating simple 131 

tests of hypotheses to help guide the design of data collection and network inference. 132 

We conducted this study in a population of a colonial and cooperatively breeding bird, 133 

the sociable weaver (Philetairus socius). In this population, individuals are marked with 134 

PIT-tags allowing automatic data collection at feeders containing supplemental food. 135 

We decided to collect associations in a feeding context not only because this has been 136 

shown to be important and meaningful in other bird studies (e.g. Aplin et al. 2015a), but 137 

also as a result of the general insights on the social foraging behaviour of this species 138 

that have been reported in previous studies on this population (Rat et al. 2015; Lloyd et 139 

al. 2017; Silva et al., 2018). Therefore, it seems reasonable to assume that information 140 

about social relationships within a colony could be obtained from foraging associations 141 

(see Farine 2015), if the study is well designed.  142 

We evaluate the performance of different study designs at extracting two fundamental 143 

structural aspect of the social system in our study species (herein our test statistics). 144 

The first metric is social differentiation, which we calculate using the coefficient of 145 

variation (CV). Because sociable weavers’ colonies are large, we do not expect birds to 146 

have the same relationship strength with all colony members (i.e. low values of CV). 147 

Thus, an informative network should be one that features large differences in the 148 

connection strengths that individuals have in their social network (i.e. having many 149 

small and large values, rather than many intermediate values). However, solely relying 150 

on social differentiation can be misleading as high values can be obtained as a result of 151 

non-social factors (e.g. low sampling or spatially distributed individuals), nor should 152 



maximising social differentiation necessarily result in the most biologically accurate 153 

network. Thus, our second metric for testing if the edges in the foraging network reflect 154 

social bonds is one that aims to capture something more specific about sociable 155 

weaver biology, assortment by breeding group. Sociable weaver colonies contain 156 

several breeding groups composed of breeders with their helpers (usually a breeding 157 

pairs plus one to four helpers; Covas et al. 2006). Assortment is a measure of the 158 

tendency for connections in a network to be more common among similar than among 159 

dissimilar types of nodes (Newman 2003; Farine 2014). Thus, assortment by breeding 160 

group is a metric that would capture the tendency of individuals from the same 161 

breeding group to be more strongly connected to one-another in the network. We 162 

expect this because while aggression between individuals at food patches is common 163 

(sociable weavers typically forage in large groups containing many colony members), 164 

aggression between members of the same breeding groups is rare (suggesting higher 165 

tolerance for other breeding group members, Rat 2015). Thus, we expect members of 166 

the same breeding group to be disproportionately detected together, resulting in a real 167 

social network that is assorted by breeding group membership. 168 

First, we quantify the effects of data collection decisions on the resulting values of 169 

social differentiation and assortment by breeding group. Specifically, we test how 170 

allowing different numbers of individuals to feed simultaneously impacts our two test 171 

statistics. As data collection decisions are challenging to make when starting a new 172 

study, but are critical because they can have a major impact on the robustness of the 173 

resulting network(s) (i.e. the network, are sufficient to reliably estimate properties of the 174 

real social structure; Davis, et al. 2018). In our case, it is not clear whether sociable 175 

weavers with stronger social relationships feed more synchronously across repeated 176 

foraging visits than birds with weaker relationships, or whether the differences in 177 

behaviour are better defined as the patterns of foraging within a foraging visit (i.e. with 178 

who within the flock the individuals prefer to associate in close proximity). The former 179 



requires more widespread effort (i.e. determining only the foraging flock composition), 180 

while the latter requires more refined data to be collected within foraging flocks (i.e. 181 

more opportunities to record individuals simultaneously at the same site). These two 182 

approaches represent a clear cost trade-off as the former can be achieved with fewer 183 

resources compared to the latter. For example, when collecting data using RFID 184 

technology, having one feeder fitted with an RFID antenna can be enough to obtain the 185 

identity all individuals in a foraging flock (e.g. Jones et al. 2019), multiple RFID 186 

antennas working simultaneously are needed to determine if two birds present in the 187 

same flock feed in close proximity. We therefore compare different setups for collecting 188 

associations that differ in the number of birds that can be detected in an automated 189 

RFID system at the same time.  190 

Second, we focus on how to define associations from within a given dataset. 191 

Specifically, we compare three different approaches to generate quantitative measures 192 

of edge weights in the network, and test how these subsequently impact our test 193 

statistics. Two approaches are based on number of co-occurrences in ‘foraging 194 

events’. These are akin to using the ‘gambit-of-the-group’ approach (Whitehead and 195 

Dufault 1999; Franks et al. 2010), where all birds that are detected (i.e. observed) in a 196 

flock together are considered to be associated. However, this approach discards more 197 

detailed data that could be available about within-flock structure, and instead assumes 198 

that birds with strong relationships will tend to be co-observed in the same flock more 199 

often than those with weak relationships. The third approach is a more direct measure 200 

of the proportion of time that two individuals spend in close proximity within the flocks. 201 

That is, because we collected data at multiple readers in close proximity, we could 202 

estimate how much time two individuals spent on neighbouring feeders. 203 

Our aim is to provide guidance on how to make decisions when dealing with choices in 204 

the design of data collection and/or network inference. We achieve this by drawing 205 

from an empirical example in which we use existing knowledge of our study species 206 



guide decisions for designing a network study. In doing so, our study highlights how 207 

relatively simple approaches, using short periods of pilot data collection and evaluating 208 

network data against basic knowledge about the study species, can facilitate making 209 

methodological decisions that could have long-term impact on the success of a study. 210 

While our focus is on collecting and analysing network data, such an approach goes 211 

beyond studies of animal social networks. 212 

 213 

METHODS 214 

Study scope and model species 215 

We studied a population of sociable weavers at Benfontein Nature Reserve, situated 216 

ca. 6 km south-east of Kimberley, in the Northern Cape Province, South Africa. The 217 

sociable weaver is endemic to the semi-arid savannahs of southern Africa (Maclean, 218 

1973a) and feeds mainly on insects and seeds (Maclean, 1973c). Sociable weavers 219 

build large nests, usually on Acacia (Vachellia) trees, with several independent 220 

chambers where the birds roost throughout the year and where breeding takes place 221 

(Maclean, 1973b). This species exhibits three noticeable cooperative behaviours: 222 

building the communal nest, feeding nestlings of others, and communal nest defence 223 

from predators such as snakes (e.g. Boomslang, Dyspholidus typus and Cape cobra, 224 

Naja nivea). The size of a colony can range from less than ten to several hundred 225 

individuals. The breeding pairs can either breed with or without helpers (30-80% of 226 

breeding attempts have helpers; Covas et al. 2008).  227 

This study is part of a long-term research programme which involves the annual 228 

capture of 14 colonies to maintain an individually marked population (all individuals are 229 

marked with a unique metal ring and colour combination: Covas et al. 2008; Paquet et 230 

al. 2015). At five colonies, all birds are also marked with a passive integrated 231 

transponder (PIT-tag, enclosed in a plastic leg ring). These colonies ranged in size 232 



from 43 to 82 individuals (colony size estimated from the annual captures in September 233 

2017).  234 

 235 

Breeding groups’ identification 236 

Breeding groups were determined using video recordings of the chambers during the 237 

reproductive season of October 2017 to January 2018. We routinely inspected all 238 

colonies every 3 days to identify initiation of new clutches. We visited chambers in the 239 

days around the expected hatching date to determine the age of the nestlings and then 240 

recorded each breeding group for at least two hours when the chicks were between 8 - 241 

20 days old. We considered an individual as part of the group if it was seen feeding the 242 

chicks at least 3 times, as occasionally some individuals try to feed but are expelled by 243 

the breeding group. 244 

 245 

SNA data collection 246 

During December 2017 and April 2018 we collected two rounds of association data in a 247 

feeding context using artificial feeders at the 5 PIT-tagged colonies. For all the 5 248 

colonies, the feeding location was 80-205 meters away from the colony.  249 

Data from three of the five colonies were collected using a setup containing 2 feeding 250 

boxes (high competition setup), each with 4 perches and 4 small standard plastic bird 251 

feeders. Each small feeder allowed for only one bird to feed at a time and was fitted 252 

with a RIFD antenna (Priority1rfid, Melbourne, Australia) connected to a data logger 253 

(Fig. 1a). Data from these three colonies were collected for 14 days (sampled 254 

continuously). 255 

At two of the five colonies (of similar sizes, 43 and 44 individuals), we evaluated 256 

alternative methods for collecting feeding association by varying the number of birds 257 



that could feed at the same time. We introduced an alternative setup comprising 4 258 

feeding boxes instead of 2 (low competition setup; Fig. 1b), allowing birds to spread out 259 

more when visiting the feeding station and, therefore, for us to collect more 260 

observations of co-feeding. Data for each setup (high and low competition) were 261 

collected within the same study period, alternating between the setup each day. This 262 

design allowed us to make direct comparisons of the two setups without a cofounding 263 

factor of time period in which the data were collected, the number of days that each 264 

setup was used to collect data, or which colony data were collected from. We collected 265 

10 days of data for each setup. 266 

 267 

Edge weight calculations 268 

The stream of data collected in the field comprised of temporal sequences of PIT tag 269 

codes detected at each of the feeder perches. From these data, we calculated 270 

associations from our observation data in two different ways: 271 

1) Co-occurrence method. We first used the gambit of the group, where all individuals 272 

that are observed together are considered to be equally connected to each other (i.e. a 273 

flock) and the strength of connections is estimated based on the repeated patterns of 274 

co-occurrences of individuals in the same observation. However, there are several 275 

ways a flock can be defined (see Farine and Whitehead 2015). Here, we used an 276 

established method of inferring flocks based on the time differences between two 277 

detections. The start and end times of a ‘wave’ of individuals considered to be forming 278 

a flock are determined by a Gaussian mixture model (GMM; using R package “asnipe” 279 

Farine 2013; following Psorakis et al. 2015), which is an automated clustering algorithm 280 

designed to detect peaks, or clusters of detections, in the temporal profile of activities 281 

at the artificial feeders. This approach uses data from the feeding behaviour of the 282 



entire set of individuals as part of determining the associations between any two 283 

individuals. 284 

2) Time overlap method. We estimated association strengths directly from the data by 285 

calculating the total time that two individuals overlapped while feeding at the same 286 

feeding box. This approach does not use any data from other individuals when 287 

determining the associations between two individuals. 288 

These two methods are described in more detail below. For the co-occurrence method, 289 

we used two variants (see Fig. 2): one focused on the association at the broad flock 290 

level (single GMM) and the other added a second step of estimating association within 291 

each flock (double GMM). Therefore, three different network types were compared for 292 

each combination of colony (see Fig. 3 for an illustration of the different comparisons 293 

done in this work).  294 

Co-occurrence networks 295 

Single GMM (broad flock): We built networks using the rates of co-occurrence on the 296 

same so-called ‘foraging events’ as commonly done in other studies (e.g. Aplin et al. 297 

2013). Foraging events were defined using a single run of the GMM (single GMM 298 

network) directly on the raw daily RFID feeder data, which splits the temporal data in 299 

different foraging events based on peaks of activity on the feeding boxes for that day 300 

(following Psorakis et al. 2015). We considered each feeding box as a different location 301 

to allow us to split the flock spatially in order to archive a greater resolution in detecting 302 

preferred associations. We inferred the association strengths (edge weights) among 303 

colony members from their co-presence across all foraging events. We used the simple 304 

ratio index: the number of times that two individuals were in the same foraging event 305 

divided by the number of foraging events that contained at least one of the two 306 

individuals. 307 



 308 

Double GMM (within flock): Since our study species is colonial and highly gregarious, 309 

we believed that to differentiate the relationships among colony members we would 310 

need edges based on co-occurrences at a finer scale than what has traditionally been 311 

used for other species (i.e. using the single GMM). Therefore, we used the Gaussian 312 

mixture model approach to define associations among individuals using a two-step 313 

procedure. Because the data from the feeders are quite discontinuous in this 314 

population (i.e. all individuals tend to visit foraging patches together and then all depart 315 

together in a very synchronised manner) we first detected the broader activity profile at 316 

the set of feeder boxes. We did this by grouping the individuals’ detections across all 317 

feeder boxes at a location in a given day into 1min blocks and used the GMM to extract 318 

the arrival and departure times of broad foraging events (see Fig. 2a). After this first 319 

step, we used the GMM again, but this time to detect waves of activity within each of 320 

the foraging events determined by the first GMM run. In the second run, we considered 321 

each feeder box (containing 4 RFID perches each) as a different location and used 322 

detections at a 1 second resolution. Considering each feeding box as a different 323 

location allowed us to split the data on the flock spatially, while running the GMMs 324 

within each foraging event allowed us to decrease the time scale and forced the GMM 325 

to split into shorter feeding bouts (Fig. 2b), thereby allowing the detection of within-flock 326 

spatial and social preferences. We inferred the association strengths among colony 327 

members from their co-presence across all feeding bouts generated from the second 328 

runs of the GMM (double GMM network). As with the single GMM approach we used 329 

the simple ratio index.  330 

Time overlap networks 331 

For the time overlap networks, we directly calculated the proportion of total feeding 332 

time during which two individuals were feeding simultaneously in the same feeding box 333 

(i.e. the time that birds spent feeding side-by-side). Here, edges were calculated by 334 



taking the sum of time that two individuals spent feeding at the same time at the 335 

feeding box divided by the sum of the total time that at least one of these two 336 

individuals were present at the feeder (which is also the simple ratio index, but more 337 

explicitly time-based rather than occurrence-based). This method aimed to define a 338 

stricter scale at which we consider that two individuals were associated, and represents 339 

the degree of tolerance to feed together. This method can be more relevant for colonial 340 

and very gregarious species such as sociable weavers, since all members of the 341 

colony are often found foraging together and are already connected by colony 342 

membership, and since our interest is to find a sub-level of sociality within this colony 343 

structure. 344 

Hypothesis testing 345 

We evaluated each network we produced by testing if they were significantly different 346 

from networks generated from randomizations of our data and if they generated 347 

patterns that reflect a biologically meaningful social aspect of this species. Specifically, 348 

we evaluated the utility of each network we generated (3 variants times 2 data 349 

collection methods) according to two test statistics:  350 

1) The coefficient of variation in edge weights, to test which method would result in 351 

more differentiated networks. Low CV values represent a network in which 352 

individuals are equally connected, whereas a high CV value means that there 353 

are both strong and weak relationships detected. We do not expect sociable 354 

weavers to associate equally with all members of their colony, but they should 355 

have equal opportunity to associate with all others (i.e. they are co-occurring in 356 

the same space). Thus, CV is a suitable test statistic of general patterns of 357 

social differentiation in our species. 358 

2) The weighted assortment coefficient (following Farine 2014) using breeding 359 

group membership as the individual trait. High values of assortment coefficients 360 



represent disproportionately strong associations among individuals with the 361 

same trait (here between members of the same breeding group), while low 362 

values represent no such structure. Thus, our second statistic is a more explicit 363 

test of an a priori hypothesis about who individuals should be connected to in 364 

the network. Because not all individuals of the colony could be attributed to a 365 

breeding group, since not all breeding pairs managed to successfully reproduce 366 

during this breeding season, we restricted the network to the subset of 367 

individuals known to belong to a breeding group. 368 

We tested the statistical significance of the CV and the assortment coefficients by 369 

comparing the test statistics calculated from the observed networks with the same 370 

statistics calculated from 1000 random networks generated using permutations of the 371 

observed data (see Farine 2017). For the co-occurrence method, we generated 372 

random networks following the method first described by Bejder et al. (1998), using the 373 

R package asnipe (Farine 2013). Briefly, for the single GMM networks, we selected 374 

pairs of observations of individuals from different foraging events and then swapped 375 

these individuals. For the double GMM network the approach is similar, however pairs 376 

of observations of individuals were selected from the same foraging events (from the 377 

first run of the GMM) and at the same feeder, but from different feeding bouts (from the 378 

second run of the GMM). For the overlaps of time networks, we split the observed data 379 

by the foraging events defined by the first run of the GMM in the double GMM method 380 

and swapped the identity of the individuals within each foraging event. That is, we 381 

performed restricted node permutations (following Aplin et al. 2015b, but restricted by 382 

time and space, rather than by space only). By randomizing individuals’ detections 383 

events within each foraging event, we aimed to keep constant, as much as possible, 384 

other factors besides social preferences that might contribute to the structure of the 385 

network (such as variation in individuals’ propensities to join flocks visiting feeders). 386 



For all the 5 colonies we compared the CV and the assortment coefficients from the 3 387 

different types of networks (singles GMM, double GMM and overlap of time). 388 

Additionally, for 2 of those 5 colonies we also compared each of the network types 389 

resulting from data collected using high and low competition setups. This allowed us to 390 

test whether we could improve our networks not just in terms of edge definition but also 391 

regarding the design of data collection by changing the number of birds that can 392 

access food simultaneously. As illustrated in the diagram of Fig.3 the decisions about 393 

our method for constructing a suitable network for the sociable weavers were guided by 394 

both the setup design and the edge definition. Addressing these two questions might 395 

appear to be a sequential scheme, i.e. first looking at feeder saturation and after 396 

deciding if there was or not a significant improvement in using the 4 feeding boxes, 397 

addressing the scale problem (by comparing the different types of networks) or the 398 

other way (first the scale and then the feeder saturation). However, we did not address 399 

this as a sequential problem, since the two types of comparisons (comparisons of scale 400 

and comparisons of feeder saturation) are not easy to disentangle. In order to compare 401 

the high competition with the low competition setup, we need a reliable edge definition 402 

which can only be obtained by comparing the 3 types of networks. However, the best 403 

edge definition might differ when using different methods for collecting data. 404 

 405 

RESULTS 406 

We found that our methodological approach for evaluating different methods for data 407 

collection and network inference yielded informative results that could be directly 408 

applied when making decisions about study design. All of the methods we used 409 

generated networks that were significantly different from random. From an edge 410 

definition perspective, the overlap of time method consistently generated networks with 411 

higher CV (Table 1) and higher values of assortment (Table 2). While the co-412 



occurrence methods were able to detect the predicted positive assortment by breeding 413 

group in most colonies, the overlap of time method consistently produced considerably 414 

higher assortment coefficients. The single GMM co-occurrence method was able to 415 

generate well-differentiated networks, but performed worse with the assortment 416 

coefficients being closer to zero (Table 2). These results suggest that the networks 417 

produced by the overlap of time method performed better at capturing a sub-level of 418 

sociality within the colony that we expected to be captured in a network of sociable 419 

weaver with an appropriate edge definition.  420 

From a data collection methods perspective, using four boxes instead of two resulted in 421 

higher CVs and in higher assortment coefficients in both colonies (Table 1 and Table 422 

2). In other words, using more feeding boxes at a given site resulted in greater power 423 

to discriminate between same breeding group associations within a colony across all 424 

the three types of networks. This effect was more pronounced in the co-occurrence 425 

method than in the overlap of time method. 426 

Together these results show that using more feeders and an edge definition based on 427 

overlap of time produced networks that are able to capture the expected assortment by 428 

breeding group and performed better than other methods. We can now use this method 429 

to construct networks to test our hypotheses of interest in future research such as 430 

testing if specific individual attributes (e.g. personality traits) influences social 431 

relationships among the individuals. 432 

 433 

DISCUSSION 434 

Using our empirical example, we have shown how knowledge about the study 435 

population can be used to help making decisions about the data collection design and 436 

determining how to calculate the strengths of social relationships. We have also shown 437 

that, as expected, different edge definition and experimental designs in the same 438 



context can result in different networks: some presenting a low coefficient of variation 439 

and thus a network in which individuals are more equally connected, and others with a 440 

higher CV, and thus a network containing a higher number of both stronger and weaker 441 

relationships. Importantly, we found that the methods that appear best suited to our 442 

study system differ from those that have been widely-used in studies of PIT-tagged 443 

songbird populations, highlighting the need to ensure that methods are tailored to the 444 

specific systems under investigation. 445 

In the case of the sociable weaver, we showed that using the time that individuals 446 

spent together, rather than data on simpler co-occurrences, generates networks that 447 

best captured network features that we a priori identified as being important. For 448 

example, the assortment coefficients by breeding group were more than ten times 449 

higher in the time-based networks than in the networks generated from co-450 

occurrences. While using a more time resolved co-occurrence method (double GMM) 451 

resulted in a better network to capture assortment by breeding group relative to the 452 

standard GMM method, it still performed worse than a network based on the time that 453 

individuals spend in close proximity. This would be expected for a species such as the 454 

sociable weaver, in which colonies can forages in flocks always containing the same 455 

individuals. Thus, while we found that a network definition based on the overlap in time 456 

provided the networks that best captured a priori knowledge of the study species’ social 457 

structure (i.e. the breeding group), it might not necessarily be the best method for all 458 

questions or study systems. For example, tits (Paridae) spend the winter in flocks with 459 

highly dynamic membership with membership changing over the course of minutes, 460 

(Farine et al. 2015) and pairs of blue tits (Cyanistes caeruleus) can be detected forming 461 

through their increased co-membership in the same flocks (Beck et al. 2020). Thus, 462 

using a single GMM can extract the social signal from tit flocks because this signal is 463 

contained in broader patterns of flocking rather than fine-scale patterns of social 464 

proximity. Hence, for each study system, and for each purpose, researchers should 465 



carefully consider what is the best way to construct their networks, potentially requiring 466 

experimenting while avoiding trying the different methods on a given hypotheses of 467 

interest. 468 

We also generated new insights into how to design data collection protocols. For the 469 

sociable weaver, we found that networks generated using more sampling opportunities 470 

(in this case a higher number of feeder boxes available simultaneously) produced 471 

networks with higher assortment by breeding unit. Our finding is in line with the 472 

suggestions made in a recent methodological paper that simultaneous sampling data 473 

can result in more robust networks (Davis, et al. 2018). Even though our analyses are 474 

based on only two colonies, the reason for this improvement is easy to explain. Having 475 

fewer feeders available increases competition for access to feeders, which, in turn, 476 

might reduce the ability for groups of preferred associates within a colony to forage at 477 

the same time, and force them to forage with less preferred conspecifics. Alternatively, 478 

competition for access to the resource could go as far as causing only the more 479 

dominant individuals of each group to have access to the resource, meaning that we 480 

would fail to sample subordinates. In either case, having fewer feeders means that 481 

birds could not clearly express the social preferences we would expect them to have in 482 

more dispersed and more natural resources.  483 

In social network studies, the number of individuals that can be detected at the same 484 

time (or in a given time window) is rarely considered or reported. In our study, 8 or 16 485 

individuals could be detected simultaneously, contrasting with studies on tits and other 486 

songbirds that use feeders which typically detect one (Jones et al. 2019) or two (e.g. 487 

Aplin et al. 2015a; Beck et al. 2020) birds simultaneously. Other field studies, such as 488 

recent work on wild zebra finches (Taeniopygia guttata) (Brandl et al. 2019) used 489 

feeders with a restricted entrance allowing multiple flock members to enter and exit 490 

feeders together. Reporting the proportion of birds detected feeding together could 491 

allow assessing whether restricting data collection to fewer simultaneous observations 492 



dilutes true social bonds, causing lower network resolution and potentially leading to 493 

less accurate associations, as it appears to be the case in the sociable weaver. This 494 

issue becomes an important consideration for studies with limited budgets or 495 

researcher time as field studies often face the trade-off between maximising replication 496 

across individuals (i.e. sampling more individuals in total) versus maximising the 497 

precision of the data collected (i.e. sampling individuals simultaneously). In our study, 498 

one setup requires twice as much equipment, meaning that we could only sample at 499 

half the locations or revisit each location half as often. Simulation studies suggest that 500 

collecting more simultaneous data is generally preferable (Davis et al. 2018), because 501 

networks require many replicated observations of each possible pair of individuals in 502 

order to be robust (see Farine and Strandburg-Peshkin 2015). Such improvement in 503 

the resulting networks might well justify the additional economic cost associated with 504 

having more feeders or having technology capable of detecting multiple individuals in 505 

close proximity.  506 

Our study also illustrates how different data collection methods and algorithms for 507 

estimating association strengths can generate different networks (see also Castles et 508 

al. 2014). While the different networks that are collected may be correlated (see Farine 509 

2015), this does not mean they are all equally powerful at testing a hypothesis. 510 

However, when testing network quality, the choice of which a priori knowledge to use is 511 

also critical. For instance while a method that was guided using the assumption that 512 

individuals prefer to associate with other members of the same breeding group might 513 

be appropriate to study phenomena that potentially involve a social preference (e.g. 514 

testing if individuals assort by their propensity to cooperate) it might not be feasible to 515 

study phenomena where casual or random interactions play an important role such as 516 

the spread of contagious disease. For example, in the European starlings (Sturnus 517 

vulgaris) the spread of a novel foraging task in a social group was predicted by a 518 

perching network but not by a foraging network, possibly as a result of a perching 519 



network better capturing social preferences than a foraging network in a captive setting 520 

(Boogert et al. 2014b), while Hoyt et al. (2018) tested multiple ways of characterising 521 

social connections among individuals but these failed to map on to the observed 522 

spread of an experimentally-introduced pathogen mimic (UVF dust). Advanced 523 

analytical techniques can also help to discriminate which network is the most 524 

informative at prediction the spread of information. For example, Firth et al. (2016) 525 

found that the social network collected after experimentally segregating flocks of tits 526 

better predicted the discovery of new resources than the social network collected prior 527 

to the experimental manipulation. Such techniques could form the basis for pilot studies 528 

aimed at investigating how best to map the global structure of wild populations. 529 

Previous studies used simulation-based approaches (Psorakis et al. 2015; Bonnell and 530 

Vilette 2020) to identify the best method to discriminate patterns of social connections, 531 

or video data to confirm that the detection data match reality (Nomano et al. 2014; 532 

Evans et al. 2018). Here we demonstrated that using a priori knowledge about the 533 

study species or population can be helpful in making decisions about which network to 534 

use—which we believe is a stronger approach as collecting pilot data captures many of 535 

the nuances that come with collecting field data. Anticipating the potential limitations of 536 

the method used for data collection provide researchers with the opportunity to make 537 

the necessary adjustments before collecting the actual data, avoiding revisiting their 538 

methods and even hypotheses a posteriori. The crucial point to keep in mind, however, 539 

is that researchers should aim to make a priori decisions (even if some are inevitably 540 

arbitrary) about methods for collecting data and building networks, and ensuring that 541 

these are independent of any later tests of hypotheses. Failing to do so would 542 

decrease the rates of type I errors in social network studies. Researchers could also 543 

make use of pre-registration services (Nosek et al. 2018) to publish the research 544 

questions, discuss different methods, plan analyses and pilot studies before collecting 545 

the data and observing the research outcomes. This would not only greatly improve the 546 



credibility of research findings but it would be also useful information to others 547 

researchers that are planning their studies.  548 

We have tried to draw attention to the decisions that underlie social network analyses. 549 

Many recent papers provide guidance on how to construct networks (reviewed in 550 

Farine and Whitehead 2015). However, to our knowledge, little guidance is available 551 

about how to make system-specific decisions about data collection (e.g. number of 552 

individuals detected simultaneously) that can be critical to the results obtained. We 553 

show that integrating existing knowledge about the species’ social behaviour in making 554 

decisions can be a simple and very powerful way of informing which approach is the 555 

best one. The concepts we present, involving forming and using simple hypothesis 556 

testing to evaluate competing networks and help guide the process of building a 557 

network, are easily generalised to other system. They go beyond breeding group 558 

membership (which is specific to cooperative breeders), bird studies, foraging 559 

associations, RFID setups, or questions of co-occurrence vs time overlap, which we 560 

merely used here as empirical examples to illustrate the advantages of the proposed 561 

approach. Any set of networks can be compared with a relevant biological metric, 562 

regardless of the methods used. For example, when studying a group of primates using 563 

direct observations one has to decide for how many hours per day to observe each 564 

group and each individual, how many observers to hire to collect the data (similar to 565 

our question of how many feeders to use), or even choose between different sampling 566 

approaches (Altmann 1974). As the comparison of co-occurrence vs the overlap of 567 

time done here, decisions on how to define the edges of the network also have to be 568 

made: are edges defined by spatial proximity more meaningful for a given species and 569 

for specific question of interest than edges defined by other social interactions? These 570 

decisions are easier to make if we know what patterns to expect in a social network of 571 

for a given study species. Basing methodological decisions on tests of a priori known 572 

biological properties of the study system, ideally while simultaneously collecting pilot 573 



data, will result in more robust network data than copying studies from other systems. 574 

This should also avoid the pitfalls of combining exploration of network inference with 575 

testing new hypotheses. 576 

In this paper, we provide a structured approach that can be used to make design 577 

decisions in network, or other, studies. In addition, we also call for researchers to 578 

provide more information about the rationale leading to their decisions. In our case, we 579 

took advantage of the information obtained as a result of a long-term project on a 580 

cooperatively breeding species, which provided information on composition of breeding 581 

groups. In other projects this type of information might not be available or relevant, but 582 

other types of information, such as the importance of mated pairs which are expected 583 

to share strong social bonds (see Boogert et al. 2014a; Firth et al. 2015; Brandl et al. 584 

2019; Beck et al. 2020) could be used. Further, we reiterate that our study clearly 585 

highlights the need for data collection and analysis methods to be tailored to each 586 

study system, as different approaches (all of which are valid and exist in the literature) 587 

can produce quite different outcomes. We hope that once sufficient studies report their 588 

design process, as we have here, we will be able to identify some general guidelines 589 

for animal social network data collection and analysis. 590 
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FIGURES  763 

 764 

Fig. 1 Setup for collecting associations (a) A feeding box with birds feeding at the four 765 

plastic feeders and the RFID antennas (b) the low density setup with four feeding 766 

boxes. Photographs by Cecile Vansteenberghe. 767 

 768 

Fig. 2 Example of applying the GMM algorithm method. (a) Sociable weaver visits to a 769 

feeding location during one morning. The top straight lines represent the foraging 770 

events resulting from the first GMM. (b) The foraging events resulting from the second 771 

GMM, discriminating between the two feeding boxes and using only visits from the first 772 

event determined by the first GMM (corresponding to the first horizontal line segment 773 

on Fig 2a). 774 



 775 

Fig. 3 Flow diagram illustrating the steps for the two different comparisons of the study: 776 

comparing different methods for calculating edge weights and comparing different data 777 

collection setups. 778 
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TABLES 780 

Table 1 Comparison between the CVs of the three different types of networks obtained 781 

using a setup with two and four feeding boxes. Number of individuals per colony: 782 

colony 11: 34; colony 20: 27; colony 27: 38; colony 43: 27; colony 71: 59. 783 

 
Network type 

  Two feeding boxes Four feeding boxes 

Colony ID Detected 
individuals 

CV P CV P 

Co-occurrence 

single GMM 

11 34 0.548 <0.001 0.414 <0.001 

20 27 0.516 <0.001 0.556 <0.001 
27 38 0.738 0.026 - - 

43 27 0.646 0.002 - - 

71 59 0.608 0.02 - - 

Co-occurrence 
double GMM 

11 34 0.646 0.004 0.804 <0.001 
20 27 0.530 <0.001 0.752 <0.001 

27 38 0.877 <0.001 - - 

43 27 0.770 <0.001 - - 
71 59 0.700 0.05 - - 

Overlap of time 

11 34 2.143 <0.001 2.500 <0.001 

20 27 1.414 <0.001 1.872 <0.001 
27 38 1.770 <0.001 - - 

43 27 1.351 <0.001 - - 

71 59 1.731 <0.001 - - 

 784 

  785 



Table 2 Comparison between the assortment by breeding groups for the three different 786 

types of networks obtained using a setup with two and four feeding boxes. Number of 787 

individuals (number of groups) per colony: colony 11: 20 (8); colony 20: 10 (3); colony 788 

27:20 (6); colony 43: 17 (5); colony 71: 19 (4). 789 

Network 

type 

   Two feeding boxes Four feeding boxes 

Colony 

ID 

Individuals 

in groups 

Number 

of groups 

Assortment(SE) P Assortment(SE) P 

Co-
occurrence 

single 

GMM 

11 20 8 -0.005(0.026) <0.001 -0.020(0.027) <0.001 

20 10 3 -0.063(0.086) 0.14 0.053(0.094) <0.001 

27 20 6 -0.017(0.028) 0.002 - - 
43 17 5 -0.013(0.013) <0.001 - - 

71 19 4 -0.005(0.039) 0.018 - - 

Co-

occurrence 

double 
GMM 

11 20 8 0.018(0.029) 0.004 0.092(0.045) <0.001 

20 10 3 -0.022(0.088) 0.12 0.232(0.105) <0.001 
27 20 6 0.009(0.032) 0.052 - - 

43 17 5 0.049(0.041) 0.012 - - 

71 19 4 0.012(0.042) 0.002 - - 

Overlap of 

time 

11 20 8 0.260(0.069) <0.001 0.346(0.083) <0.001 

20 10 3 0.160(0.175) <0.001 0.637(0.087) <0.001 

27 20 6 0.141(0.066) <0.001 - - 
43 17 5 0.094(0.055) <0.001 - - 

71 19 4 0.190(0.070) <0.001 - - 
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