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Abstract 22 

Many animal social structures are organized hierarchically, with dominant individuals 23 

monopolizing resources. Dominance hierarchies have received great attention from 24 

behavioural and evolutionary ecologists. As a result, there are many methods for 25 

inferring hierarchies from social interactions. Yet, there are no clear guidelines about 26 

how many observed dominance interactions (i.e. sampling effort) are necessary for 27 

inferring reliable dominance hierarchies, nor are there any established tools for 28 

quantifying their uncertainty. In this study, we simulated interactions (winners and 29 

losers) in scenarios of varying steepness (the probability that a dominant defeats a 30 

subordinate based on their difference in rank). Using these data, we (1) quantify how 31 

the number of interactions recorded and hierarchy steepness affect the performance 32 

of three methods, (2) propose an amendment that improves the performance of a 33 

popular method, and (3) suggest two easy procedures to measure uncertainty in the 34 

inferred hierarchy. First, we found that the ratio of interactions to individuals required 35 

to infer reliable hierarchies is surprisingly low, but depends on the hierarchy 36 

steepness and method used. We then show that David’s score and our novel 37 

randomized Elo-rating are the two best methods, whereas the original Elo-rating and 38 

the recently described ADAGIO perform less well. Finally, we propose two simple 39 

methods to estimate uncertainty at the individual and group level. These uncertainty 40 

measures further allow to differentiate non-existent, very flat and highly uncertain 41 

hierarchies from intermediate, steep and certain hierarchies. Overall, we find that the 42 

methods for inferring dominance hierarchies are relatively robust, even when the 43 

ratio of observed interactions to individuals is as low as 10 to 20. However, we 44 

suggest that implementing simple procedures for estimating uncertainty will benefit 45 
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researchers, and quantifying the shape of the dominance hierarchies will provide 46 

new insights into the study organisms. 47 

 48 

Keywords (10): agonistic interactions, Elo-rating, David’s score, dominance, dyad, 49 

hierarchy uncertainty, sampling effort, social status, steepness. 50 

 51 

Highlights (3 to 5 bullet points, max 85 characters including spc) 52 

 David’s score and the randomized Elo-rating perform best. 53 

 Method performance depends on hierarchy steepness and sampling effort. 54 

 Generally, inferring dominance hierarchies requires relatively few 55 

observations. 56 

 The R package “aniDom” allows easy estimation of hierarchy uncertainty. 57 

 Hierarchy uncertainty provides insights into the shape of the dominance 58 

hierarchy. 59 

 60 

 61 

 62 

 63 

 64 
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INTRODUCTION 67 

Many animal social structures are organized hierarchically, with some individuals – 68 

the dominants – monopolizing resources and therefore presumably monopolizing 69 

fitness, too. First described in the domestic fowl (Schjelderupp-Ebbe, 1922), 70 

dominance hierarchies have received great attention from empiricists and 71 

theoreticians in behavioural and evolutionary ecology. Dominance hierarchies have 72 

widely been described in insects (Choe, 1994), fishes (Polačik & Reichard, 2009), 73 

reptiles (Bush, Quinn, Balreira, & Johnson, 2016), birds (Devost, Jones, Cauchoix, 74 

Montreuil-Spencer, & Morand-Ferron, 2016) and mammals (Majolo, Aureli, & Schino, 75 

2012), including humans (von Rueden, Gurven, & Kaplan, 2008). Extensive 76 

theoretical efforts have been made on understanding how dominance hierarchies are 77 

formed and maintained (e.g. Dugatkin & Earley, 2004; Parker, 1974; Sasaki et al., 78 

2016). 79 

The importance and prevalence of dominance hierarchies in nature (reviewed 80 

in Drews, 1993) has led to the development of many methods for inferring 81 

dominance hierarchies from social interactions (reviewed in Bayly, Evans, & Taylor, 82 

2006; Briffa et al., 2013; de Vries, 1998; Whitehead, 2008), yet, clear guidelines for 83 

inferring reliable dominance hierarchies are still missing. These methods can be 84 

classified into those estimating the rank of the individuals (i.e. an ordinal score: 85 

1,2,…,n; e.g. I&SI: de Vries, 1998; ADAGIO: Douglas, Ngonga Ngomo, & Hohmann, 86 

2017) and those estimating non-integer indices of success from which individuals 87 

can further be ranked if required (e.g. David's score: David, 1987; Elo-rating: Elo, 88 

1978; Fig. 1). Contrary to ranks, indices have the advantage of allowing parametric 89 

statistical testing. Index-generating methods are further classified into those based 90 

on interaction matrices (e.g. David’s score) and those based on the temporal 91 
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sequence of interactions (e.g. Elo-rating; Fig. 1). What all methods have in common 92 

is that they require researchers to record agonistic dyadic interactions among 93 

individuals as input data. Despite great research effort, there are surprisingly few 94 

clear guidelines about how many interactions are needed for inferring reliable 95 

dominance hierarchies, nor are there any established tools for quantifying the 96 

uncertainty of a dominance hierarchy (i.e. determine whether sufficient observations 97 

were made). 98 

 99 
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Figure 1. Diagram highlighting the different steps required to infer dominance 100 

hierarchies. First, the outcomes of dyadic agonistic interactions between individuals 101 

are recorded either in the form of a matrix or as a temporal sequence of winners and 102 

losers. Second, different methods can be used to infer either individual ranks or 103 

individual non-integer indices of success, which can further be used to rank the 104 

individuals and therefore to infer the dominance hierarchy of the group. 105 

 106 

One source of uncertainty is the steepness of the dominance hierarchy. 107 

Dominance hierarchies can range from very steep, where dominant individuals win 108 

all conflicts, to completely flat, non-existent hierarchies, where dyadic outcomes are 109 

unpredictable. These different scenarios, which are a priori unknown by the 110 

researcher, are expected to affect the performance of the method inferring 111 

hierarchies. Several efforts have been made to assist researchers selecting an 112 

appropriate method, however, most of these attempts focused on comparing the 113 

level of agreement among several methods when applied to real datasets (e.g. 114 

Balasubramaniam et al., 2013; de Vries, 1998; Gammell, de Vries, Jennings, Carlin, 115 

& Hayden, 2003; Neumann et al., 2011). The problem with using real datasets is that 116 

the real steepness of the hierarchy and the real rank of the individuals are unknown. 117 

Thus, while cases where two or more methods closely match one-another could 118 

signify that they are robust, this could also mean that they suffer from a common 119 

bias, and such comparisons provide no information about their accuracy. A better 120 

approach is to (i) simulate artificial datasets containing individuals of known rank, (ii) 121 

simulate interactions among those individuals under different scenarios of known 122 

steepness, and (iii) then test the validity of the method(s) by correlating the inferred 123 

hierarchy to the original known hierarchy from step (i). This approach further allows 124 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted February 23, 2017. ; https://doi.org/10.1101/111146doi: bioRxiv preprint 

https://doi.org/10.1101/111146
http://creativecommons.org/licenses/by-nc-nd/4.0/


7 
 

estimating the degree of uncertainty of the inferred ranks, and how this varies based 125 

on the steepness of the hierarchy and the number of interactions observed. 126 

An additional source of uncertainty is the skewness in the propensity for 127 

individuals to interact. As with many other biological processes that generate count 128 

data, the number of interactions per individual often follow a Poisson distribution. 129 

This means that few individuals have many interactions, whereas most individuals 130 

have few interactions. The unequal distribution of interactions leads to interaction 131 

datasets that are sparse. Sparse datasets are very common in the dominance 132 

literature (McDonald & Shizuka, 2013) and sparseness can potentially affect the 133 

performance of the method (de Vries, 1998; Gammell et al., 2003; Neumann et al., 134 

2011). Further, such distribution could over-inflate the perceived quality of an 135 

interaction dataset that in fact contains too few interactions to estimate most 136 

individuals’ ranks.  137 

There is increasing awareness of the need to estimate uncertainty of social 138 

data (e.g. Farine & Strandburg-Peshkin, 2015; Lusseau, Whitehead, & Gero, 2008). 139 

More than a decade ago Adams (2005) proposed a Bayesian approach to estimate 140 

hierarchy uncertainty, however, behavioural and evolutionary ecologists have not yet 141 

broadly adopted Bayesian procedures, possibly due to their apparent complexity. 142 

Thus, uncertainty is still rarely measured when studying dominance hierarchies (but 143 

see Kelstrup, Hartfelder, & Wossler, 2015; Sheppard et al., 2013). Further, 144 

estimating uncertainty is often seen as a step needed simply to ‘tick a box’. Here we 145 

demonstrate that estimating uncertainty can be simple to implement, and that doing 146 

so can also generate new insights into the processes being studied. 147 
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In this study, we simulated artificial datasets and interactions under a wide 148 

range of scenarios, from very steep to completely flat, non-existent hierarchies, to: 149 

(1) quantify how the number of interactions recorded (sampling effort) and hierarchy 150 

steepness affect the performance of different methods inferring the correct hierarchy, 151 

(2) propose an amendment to a popular method, the original Elo-rating, to improve 152 

its performance, and (3) suggest two easy procedures to measure the uncertainty of 153 

the inferred hierarchies. We focus our study on three index-generating methods (plus 154 

our method) that have been commonly used in the recent literature. First, we 155 

evaluate David’s score (David, 1987), a widely used matrix-like method that is based 156 

on the paired comparisons paradigm (e.g. Jennings, Carlin, & Gammell, 2009; Rat, 157 

van Dijk, Covas, & Doutrelant, 2015). Second, we evaluate the original Elo-rating 158 

(Elo, 1978), a sequential method that is becoming popular in the study of animal 159 

behaviour (e.g. Franz, Mclean, Tung, Altmann, & Alberts, 2015; Snyder-mackler et 160 

al., 2016; Strandburg-Peshkin, Farine, Couzin, & Crofoot, 2015). Following our 161 

evaluation of this method, we suggest a modification to the original Elo-rating that 162 

improves estimates and provides a measure of uncertainty for each individual’s rank. 163 

Finally, we evaluate ADAGIO, a recently described method that is based on the 164 

extraction and graphical representation of directed acyclic graphs (Douglas et al., 165 

2017). From our results, we derive recommendations on the sampling effort required 166 

to infer reliable dominance hierarchies. 167 

 168 

MATERIALS AND METHODS 169 

Our general approach consisted of (i) generating artificial datasets containing 170 

individuals of known rank, (ii) simulating interactions among those individuals under 171 
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different hierarchy scenarios of known steepness and propensities to interact, and 172 

(iii) testing the performance of the different methods under the different scenarios. 173 

We implemented all of our simulations in R v.3.3.2 (R Core Team, 2016; see 174 

Sánchez-Tójar, Schroeder, & Farine, 2017). We created a user friendly R package 175 

named “aniDom” to infer dominance hierarchies using the original and the 176 

randomized Elo-rating method. The package also allows estimating hierarchy 177 

uncertainty (see below) as well as plotting the steepness of the hierarchy. We used 178 

the R package “EloRating” to calculate David’s scores (Neumann & Kulik, 2014) and 179 

a separate software for the ADAGIO method (Douglas et al., 2017).  180 

i. Generating artificial groups of individuals 181 

We generated an artificial dataset containing 50 individuals whose ranks were 182 

sequentially assigned from 1 to 50 (i.e. linear hierarchy). Because count data (such 183 

as the number of interactions) typically follow a Poisson distribution (Zuur, Ieno, 184 

Walker, Saveliev, & Smith, 2009), we used a Poisson process to generate a varying 185 

propensity for each individual to interact. Other distributions gave qualitatively similar 186 

conclusions (Supplementary Material 1). Throughout we defined the “ratio of 187 

interactions to individuals” as the number of interactions (d, where one interaction is 188 

between two individuals) divided by the total number of individuals (N), that is 
𝑑

𝑁
, 189 

rather than the arithmetic mean of the number of interactions per individual (i), that 190 

is 𝑑�̅�, which could be twice the value we report. For example, in a dataset containing 191 

10 interactions between two individuals, 
𝑑

𝑁
 would equal 5, whereas 𝑑�̅� would equal 192 

10. We repeated all analyses with datasets containing 10 individuals (Supplementary 193 

Material 2).  194 

 195 
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ii. Simulating interactions within the group 196 

We generated simulated datasets. In each interaction dataset, the outcome of the 197 

dyadic interactions was determined by the specific hierarchy scenario implemented. 198 

We used a probabilistic approach to generate a wide range of hierarchy scenarios of 199 

different steepness. Specifically, we modelled the expected probability of winning for 200 

the higher ranked individual (P) following the equation: 201 

𝑃(𝑑𝑜𝑚𝑖𝑛𝑎𝑛𝑡 𝑤𝑖𝑛𝑠) = 0.5 + 
0.5

1 + 𝑒−𝑟 𝑎+𝑏  equation 1 202 

where r is the absolute difference in rank between the two individuals divided by the 203 

maximum absolute difference in rank possible in the dataset (i.e. 50 – 1 = 49 in our 204 

datasets), and thus, 0 < r ≤ 1. a and b are the values that determine the steepness of 205 

the hierarchy. For example, if b = -5 and a ≥ 0, the expected probability of winning for 206 

the higher ranked individual is essentially 1 at all times, regardless of the difference 207 

in rank between the two individuals, and thus this hierarchy is very steep (Fig. 2a). 208 

By contrast, if b = 35 and 0 ≤ a ≤ 30, the expected probability of winning for an 209 

individual is essentially always 0.5, regardless of the difference in rank between the 210 

two contestants, and thus there is no hierarchy (Fig. 2i). Figure 2 shows a wide 211 

range of the parameter space of equation 1, i.e. it shows different possible hierarchy 212 

scenarios. 213 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted February 23, 2017. ; https://doi.org/10.1101/111146doi: bioRxiv preprint 

https://doi.org/10.1101/111146
http://creativecommons.org/licenses/by-nc-nd/4.0/


11 
 

 214 

Figure 2. Parameter space of equation 1 showing a wide range of possible hierarchy 215 

scenarios that depend on the values assigned to a and b. Overall, panels are sorted 216 

from steep (panel a) to non-existent hierarchies (panel i). For each panel, steepness 217 

increases with a. The red dashed line shows where the probability of winning for the 218 

higher ranked individual (i.e. P(dominant wins)) equals 0.5, which corresponds to 219 

scenarios where dominance rank does not affect the probability of winning an 220 

interaction. 221 

 222 

 223 

 224 

 225 
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iii. Tests 226 

iii.a. Performance under different scenarios 227 

To quantify the combined effects of sampling effort and hierarchy steepness on the 228 

ability to infer reliable dominance hierarchies, we inferred dominance hierarchies 229 

from the simulated data using the original Elo-rating, and compared these to the 230 

known simulated hierarchies. We explored a total of 42 hierarchy scenarios of 231 

different steepness. Specifically, we examined the following b values of equation 1: -232 

5, 0, 5, 10, 15 and 20. For each of those b values, we investigated the following a 233 

values: 0, 5, 10, 15, 20, 25 and 30. Hereafter, the initial Elo-rating for each individual 234 

was set to 1 000 and k (a parameter in the Elo-rating function) was set to 200 (for 235 

more details see Sánchez-Tójar et al. 2017). To quantify the relationship between 236 

sampling effort and the performance of the method, we assessed the performance 237 

for interactions datasets containing an increasing ratio of interactions to individuals 238 

of: 1, 4, 7, 10, 15, 20, 30, 40 and 50. For each scenario and ratio of interactions to 239 

individuals, we simulated 100 independent datasets, calculated individual ranks for 240 

each dataset following the original Elo-rating and obtained the Spearman rank 241 

correlation coefficient (hereafter rS) between the inferred and the known hierarchy. 242 

Therefore, if the hierarchies were identical, rS would equal 1. 243 

iii.b. Comparing methods 244 

We evaluated the performance of the four methods (David’s score, original Elo-245 

rating, randomized Elo-rating and ADAGIO) under three hierarchy scenarios of 246 

intermediate steepness from equation 1, where b = 5, and a = 15, 10 and 5 (see 247 

Supplementary Material 3 for other scenarios). To quantify the relationship between 248 

sampling effort and the performance of the four methods, we assessed interactions 249 
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datasets containing an increasing ratio of interactions to individuals of: 1, 4, 7, 10, 250 

15, 20, 30, 40 and 50. For each scenario and ratio of interactions to individuals, we 251 

simulated 100 independent datasets, calculated individual ranks for each dataset 252 

following each of the four methods and, for each method, obtained the rS between 253 

the inferred and the known hierarchy.  254 

iii.c. Randomized Elo-rating 255 

One of the aims of the original Elo-rating is to enable tracking dynamic changes in 256 

rank over time. This means that the sequence in which interactions occur affects the 257 

inferred ranks. However, most behavioural studies assume that individual dominance 258 

rank is relatively stable over time (e.g. Poisbleau, Guillon, & Fritz, 2010). We 259 

propose an improvement of the original Elo-rating based on randomizing the order in 260 

which interactions occurred (n = 1 000 randomizations throughout). Randomising the 261 

order that interactions are recorded produces slightly different individual Elo-ratings 262 

each time, from which we can calculate a mean individual rank. This method also 263 

allows estimating the 95% range of individual ranks when run on a single interaction 264 

dataset. Note that in our method, we randomised all of the sequences of interactions 265 

because our data were simulated. However, in real datasets, one could test and 266 

account for underlying changes by randomising within certain periods of time, for 267 

example within each month, or test for winner-loser effects by randomising days but 268 

maintaining the order within each day and comparing these to full randomisations. 269 

Hereafter this new method is referred to as “randomized Elo-rating”, whereas its 270 

predecessor is referred to as “original Elo-rating”. 271 

 272 

 273 
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iii.d. Estimating hierarchy uncertainty 274 

Using the randomizing Elo-rating, one can further estimate the repeatability of the n 275 

individual Elo-ratings. We explored repeatability using the same three scenarios 276 

described in section iii.c (see Supplementary Material 3 for other scenarios). Again, 277 

for each scenario and ratio of interactions to individuals, we simulated 100 278 

independent interaction datasets, and calculated 1 000 individual Elo-ratings for 279 

each dataset following the randomized Elo-rating. We then calculated the 280 

repeatability of the individual Elo-ratings using the function rptGaussian() from the 281 

package ‘rptR’ 0.9.1.9000 (Schielzeth, Stoffel, & Nakagawa, 2016). We calculated 282 

repeatability based on Elo-ratings instead of ranks because, contrary to ranks, Elo-283 

ratings approximately follow a Gaussian distribution.  284 

Additionally, we tested another easy procedure to estimate hierarchy 285 

uncertainty which consists on splitting a dataset containing interactions into two 286 

halves, and then estimating the Spearman rank correlation coefficient between the 287 

two halves. We again investigated the same three hierarchy scenarios described in 288 

section iii.c (see Supplementary Material 3 for other scenarios). For each scenario 289 

and ratio of interactions to individuals, we simulated 100 independent interaction 290 

datasets, split each dataset in two, computed 1 000 individual ranks for each halve 291 

using the randomized Elo-rating, and calculated the rS between the two inferred 292 

hierarchies. 293 

 294 

 295 

 296 

 297 
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RESULTS 298 

Performance under different scenarios and sampling effort 299 

We explored whether hierarchy steepness affects the performance of the method 300 

using the original Elo-rating. The performance of all four methods increased 301 

logarithmically with the ratio of interactions to individuals (Fig. 3 and 4). In most 302 

cases, the performance of the method reaches an asymptote after relatively few 303 

interactions. For very steep hierarchies, the original Elo-rating only needed a small 304 

ratio of interactions to individuals (10 or less) to satisfactorily infer the original 305 

hierarchy (e.g. Fig. 3a). In contrast, for non-existent hierarchies, the original Elo-306 

rating visibly failed inferring the original hierarchy (e.g. a ≤ 10 in Fig. 3c). Finally, for 307 

intermediate levels of steepness, the original Elo-rating had difficulties inferring the 308 

original hierarchy and needed a larger ratio of interactions to individuals to infer it 309 

reliably (e.g. a = 10 in Fig. 3b). However, in such intermediate scenarios, the 310 

improvements in the inferred hierarchy were only marginal beyond a ratio of 311 

interactions to individuals of 20. 312 
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 313 

Figure 3. The performance of the original Elo-rating increases with the ratio of 314 

interactions to individuals and the steepness of the hierarchy. Solid lines and dots 315 

represent the mean Spearman rank correlation coefficient (rS) between the original 316 

and the inferred hierarchy; shading shows the 2.5% and 97.5% quartiles. The 317 

reduced right-hand side panels show the specific set of hierarchies simulated for 318 

generating the interaction datasets. Overall, panels are sorted from very steep (panel 319 

a) to flat hierarchies (panel c), and, for each panel, steepness increases with a. The 320 

different hierarchy scenarios shown were created following equation 1. 321 
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The steepness of the hierarchy not only affected the amount of data required 322 

to infer reliable dominance hierarchies, but also the overall ability to do so. In 323 

general, the method performed well even when closely-ranked individuals both often 324 

win contests. For example, even when the probability of the higher ranked individual 325 

winning was only ca 0.55 for a difference in rank of 10 (Fig. 3b, a = 15), the rs 326 

between the original and the inferred hierarchy reached up to ca 0.70 when a ratio of 327 

interactions to individuals of 20 was recorded.  328 

Comparing methods 329 

Next, we compared the performance of the four methods. For steep hierarchies, all 330 

four methods inferred similarly and satisfactorily the original hierarchy 331 

(Supplementary Material 3, Fig. S1a-c). Not surprisingly, for very flat hierarchies, the 332 

performance of all methods was extremely poor, even when a high ratio of 333 

interactions to individuals was recorded (Fig. 4c). At intermediate levels of 334 

steepness, we found that while all four methods had difficulties inferring the original 335 

hierarchy, the methods differed markedly in performance (Fig. 4a,b). Overall, David’s 336 

score performed best, closely followed by the randomized Elo-rating. By contrast, the 337 

original Elo-rating performed relatively poorly, which is probably because the 338 

sequence of the interactions, though it has little biological relevance, can have a 339 

large impact on the resulting ranks. The recently described ADAGIO did not perform 340 

well based on our simulated winner-loser data. Further, the shapes of the curves 341 

(when adding more interactions) across the methods were quite consistent, 342 

highlighting that it is unlikely that there are scenarios where their relative 343 

performances are flipped. 344 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted February 23, 2017. ; https://doi.org/10.1101/111146doi: bioRxiv preprint 

https://doi.org/10.1101/111146
http://creativecommons.org/licenses/by-nc-nd/4.0/


18 
 

The results of these simulations can also provide guidance on the number of 345 

interactions one should collect to reliably infer dominance hierarchies. Using an rS 346 

threshold of 0.70, we suggest to record a ratio of interactions to individuals of 10 to 347 

20 when the real steepness of the hierarchy is unknown – and either David’s score 348 

or the randomized Elo-rating should be chosen.  349 

 350 

Figure 4. David’s score and the randomized Elo-rating are the two best methods to 351 

infer reliable dominance hierarchies. Solid lines and dots represent the mean 352 

Spearman rank correlation coefficient (rS) between the original and the inferred 353 

hierarchy; shading shows the 2.5% and 97.5% quartiles. The red dashed line shows 354 
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the suggested rS threshold above which inferred hierarchies are highly reliable. The 355 

reduced right-hand side panels show the specific hierarchy simulated for generating 356 

the interaction datasets. Overall, panels are sorted from intermediate (panels a and 357 

b) to very flat hierarchies (panel c). The different hierarchy scenarios shown were 358 

created following equation 1. 359 

 360 

Hierarchy uncertainty 361 

Last, we explored two easy procedures to estimate hierarchy uncertainty. We first 362 

estimated Elo-rating repeatability (Nakagawa & Schielzeth, 2010) using 1 000 363 

individual Elo-ratings obtained from the randomized Elo-rating procedure. We found 364 

that, for steep hierarchies, randomized Elo-rating repeatability was high (>0.90 in all 365 

cases) and remained relatively stable with the ratio of interactions to individuals 366 

(Supplementary Material 3, Fig. S2a-c). For intermediate levels of steepness, 367 

randomized Elo-rating repeatability ranged between 0.70 and 0.95 and also 368 

remained relatively stable independent of the ratio of interactions to individuals (Fig. 369 

5a,b). In contrast, for very flat hierarchies, randomized Elo-rating repeatability was 370 

low and decreased with the ratio of interactions to individuals (Fig. 5c). We therefore 371 

suggest a repeatability threshold of 0.70 to differentiate from non-existent/very flat to 372 

intermediate/steep hierarchies when enough sampling effort has been done (see 373 

method 2 below). Further, our simulations also suggest that the interpretation of the 374 

repeatability could include a subsampling routine to determine if repeatability is 375 

stable as more data are added (i.e. intermediate/steep hierarchy, Fig. 5a,b) or 376 

decreasing (i.e. non-existent/very flat hierarchy, Fig. 5c). That is, the repeatability 377 
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values provide insights into the steepness of the hierarchy (where higher 378 

repeatability scores equate a steeper hierarchy).  379 

  380 

Figure 5. Randomized Elo-rating repeatability increases with the steepness of the 381 

hierarchy. Solid lines and dots represent the mean repeatability of the 1 000 382 

individual randomized Elo-ratings estimated for each interaction dataset using the 383 

randomized Elo-rating method; shading shows the 2.5% and 97.5% quartiles. The 384 

red dashed line shows the suggested repeatability threshold above which inferred 385 

dominance hierarchies are highly reliable. The reduced right-hand side panels show 386 

the specific hierarchy simulated for generating the interaction datasets. Overall, 387 
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panels are sorted from intermediate (panel a and b) to very flat hierarchies (panel c). 388 

The different hierarchy scenarios shown were created following equation 1. 389 

 390 

We propose a second procedure to estimate uncertainty that provides useful 391 

information about sampling effort. This method consists of splitting the interaction 392 

dataset into two halves and estimating the agreement between the two halves. The 393 

Spearman’s rank correlation (rS) between the two halves followed a similar 394 

logarithmic pattern to the randomized Elo-rating performance, thus also allowing us 395 

to make predictions on the level of uncertainty of our measurements and the 396 

steepness of the latent hierarchy (Fig. 6). Our results show that, for very steep 397 

hierarchies, the rS quickly increased with the ratio of interactions to individuals and 398 

stabilized around 0.80 (Supplementary Material 3, Fig. S3a-c). For intermediate 399 

hierarchies, however, the rS also increased but did not reach values larger than 0.80 400 

(Fig. 5a,b). For very flat hierarchies, the rS stayed relatively stable and below a 401 

threshold value of 0.35 (Fig. 6c). For observational data, adding more interactions 402 

into the analysis, and comparing two halves of the interaction dataset, is therefore an 403 

informative method for determining whether more sampling effort is required. 404 

We conclude that the higher both the randomized Elo-rating repeatability and 405 

the rS between the two halves, the steeper the inferred dominance hierarchy is. We 406 

further suggest that a repeatability threshold of 0.70 and an rS of 0.35 can be used to 407 

differentiate between non-existent/very flat (highly uncertain) and intermediate/steep 408 

(certain) hierarchies. Finally, by subsampling the observed data (i.e. recalculating rS 409 

with increasingly more data as we have done in Fig. 6) and observing the shape of 410 

the resulting metrics is a useful way of determining if the population has been 411 
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adequately sampled (i.e. adding more data results in very small changes in the rS 412 

value). 413 

 414 

Figure 6. The agreement between the two halves of the interaction dataset 415 

increases with the ratio of interactions to individuals and the steepness of the 416 

hierarchy. Solid lines and dots represent the mean Spearman rank correlation 417 

coefficient (rS) between the two halves of the datasets; shading shows the 2.5% and 418 

97.5% quartiles. The red dashed line shows the suggested rS threshold (rS = 0.35) 419 

above which inferred dominance hierarchies are highly reliable. The reduced right-420 

hand side panels show the specific hierarchy simulated to generate the interaction 421 
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datasets. Overall, panels are sorted from intermediate (panel a and b) to very flat 422 

hierarchies (panel c). The different hierarchy scenarios shown were created following 423 

equation 1. 424 

 425 

DISCUSSION 426 

We tested the performance of four methods to infer dominance hierarchies from 427 

dyadic interactions: David’s score (David, 1987), original Elo-rating (Elo, 1978), 428 

randomized Elo-rating (this study) and ADAGIO (Douglas et al., 2017). We found 429 

that the performance of all methods increases with the steepness of the hierarchy 430 

and the ratio of interactions to individuals recorded. We showed that David’s score 431 

and the randomized Elo-rating are the two best methods, particularly when 432 

hierarchies are not extremely steep. Further, we described two methods for 433 

estimating uncertainty in a dataset of observed interactions, and found that 434 

uncertainty changes predictably with hierarchy steepness and sampling effort. Based 435 

on these results, we provide behavioural and evolutionary ecologists with useful 436 

guidelines on the sampling effort necessary to achieve meaningful rank estimations, 437 

on how to estimate the uncertainty of their results, and on how to gain insights into 438 

the steepness of their hierarchy. 439 

Many methods exist to infer dominance hierarchies from dyadic interaction 440 

datasets, and several studies have aimed to assist researchers in choosing the 441 

appropriate method (see Introduction). Contrary to most studies, we used simulated 442 

interaction datasets rather than real datasets. One of the shortcomings of using real 443 

datasets is that the real, latent hierarchy (if existent) is a priori unknown and thus, the 444 

performance of a method can only be studied relative to other methods, but its 445 
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reliability cannot be assessed. For example, if all methods suffered the same 446 

inherent bias, they could reach similar results but still not reliably infer the real 447 

hierarchy. An additional advantage of simulating data is the possibility of generating 448 

an incredibly large amount of interaction datasets for each scenario studied, and 449 

thus to identify common patterns and gain more general insights on each method. By 450 

simulating interaction datasets, we showed that the four methods similarly inferred 451 

reliable hierarchies for scenarios of steep hierarchies. In contrast, the methods 452 

differed in performance when hierarchies were intermediate or very flat. We showed 453 

that David’s score was the best method for intermediate hierarchies, closely followed 454 

by the randomized Elo-rating, which also outcompeted its predecessor, the original 455 

Elo-rating. Furthermore, as expected, inferred hierarchies were less reliable when 456 

using a Poisson process that generates relatively sparse datasets than when using a 457 

uniform distribution (Supplementary Material 1, section 1). Contrary to Neumann et 458 

al. (2011), our results showed that David’s score still performs better than the original 459 

Elo-rating, even when data is relatively sparse. Furthermore, we found that 460 

ADAGIO’s performance was sub-optimal. ADAGIO was recently shown to perform 461 

better than David’s score and the original Elo-rating (Douglas et al., 2017). The main 462 

difference between the study of Douglas et al. (2017) and ours is that the former 463 

used Euclidean distances to measure the degree of agreement between original and 464 

inferred hierarchies, whereas we used rS. While Euclidian distances (i.e. the 465 

difference between the real and estimated score) could be a reasonable measure for 466 

estimating accuracy in nonlinear hierarchies (Douglas et al., 2017), we tend to prefer 467 

relying on rank correlations. One reason for this is that a large population where all 468 

individuals have no dominance ranks (e.g. they are all 0) would yield very low 469 
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Euclidian distances that would suggest very accurate scores despite providing little 470 

information in terms of useful dominance data.  471 

Not surprisingly, the performance of all methods increases with hierarchy 472 

steepness and the number of interactions recorded. Very steep hierarchies were 473 

reliably inferred with a ratio of interactions to individuals of only four (Supplementary 474 

Material 3, S1a-c). In contrast, intermediate hierarchies needed a greater sampling 475 

effort for inferring reliable dominance hierarchies (Fig. 4). Previous studies already 476 

indicated that the social structure of the group studied could affect the method of 477 

choice (e.g. Balasubramaniam et al., 2013; Bayly et al., 2006). Here we show the 478 

considerable effect that the steepness of the hierarchy has on the performance of 479 

the methods studied. Furthermore, many studies have commented on the 480 

importance of recording sufficient interactions to infer reliable dominance hierarchies 481 

(e.g. Gammell et al., 2003; Neumann et al., 2011). Surprisingly, no clear guidelines 482 

existed regarding the sampling effort necessary to infer reliable hierarchies from 483 

animals, which in turn has led researchers to apply either untested thresholds to 484 

define “sufficient data” (Cole & Quinn, 2011; Devost et al., 2016; Dingemanse & de 485 

Goede, 2004; Rat et al., 2015) or no threshold at all (e.g. Hauver, Hirsch, Prange, 486 

Dubach, & Gehrt, 2013; Kaburu & Newton-Fisher, 2015). Some studies even failed 487 

to report the number of interactions recorded (e.g. Campos & Fedigan, 2013; Flies, 488 

Mans, Flies, Grant, & Holekamp, 2016; Stewart & Greives, 2016), impeding 489 

researchers to assess the reliability of their results. We suggest that, unless 490 

hierarchy is a priori known to be very steep, researchers should aim to record a 491 

minimum ratio of interactions to individuals of 10 (or ideally 20) to ensure that the 492 

dominance hierarchy is reliably inferred. A similar number of interactions was 493 

suggested for rating chess players (Glickman & Doan, 2016) but it is considerably 494 
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larger than other suggestions for animal behaviour (Albers & de Vries, 2001). We 495 

acknowledge that recording a ratio of interactions to individuals of 10 to 20 might be 496 

challenging for species with low interaction rates such as the red deer (Cervus 497 

elaphus; Clutton-Brock et al., 1979), but researchers need to be aware of the 498 

potential problems of not achieving this threshold, increase (and report) sampling 499 

effort whenever possible, and ideally estimate the uncertainty of their dominance 500 

data.  501 

Minimizing and estimating measurement error is highly recommended for the 502 

study of animal behaviour (Bradshaw, Sims, & Hays, 2007; Martin & Bateson, 2007). 503 

Indeed, there is increasing awareness of the need to estimate uncertainty of social 504 

data (e.g. Farine & Strandburg-Peshkin, 2015; Lusseau, Whitehead, & Gero, 2008), 505 

also, in the study of dominance hierarchies (Adams, 2005). Yet, uncertainty is 506 

seldom measured when analysing dominance hierarchies (but see, e.g., Kelstrup, 507 

Hartfelder, & Wossler, 2015; Sheppard et al., 2013), possibly because there are no 508 

easy-to-use tools to quantify it. Here, we provide two user friendly methods to 509 

estimate the level of uncertainty of the inferred hierarchy, and an R package to 510 

perform these. First, the randomized Elo-rating method allows calculating individual 511 

repeatability as a measure of uncertainty. We have shown that repeatability 512 

estimated by randomizing Elo-rating is a good indicator of the steepness of the latent 513 

hierarchy, and therefore of the uncertainty of the inferred hierarchy. Furthermore, it is 514 

relatively independent of sampling effort, so that, the higher the individual 515 

randomized Elo-rating repeatability, both the steeper the latent hierarchy and the 516 

more reliable the inferred hierarchy is. We suggest a repeatability threshold of 0.70 517 

to differentiate from non-existent/very flat (highly uncertain) to intermediate/steep 518 

(certain) hierarchies. Second, we proposed that uncertainty can also be measured 519 
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by dividing the interaction dataset in two halves and calculating the level of 520 

agreement between the two. Uncertainty measured this way follows a similar pattern 521 

to that of method performance, i.e. it decreases with hierarchy steepness and 522 

sampling effort. We suggest an rS threshold of 0.35 to differentiate from non-523 

existent/very flat (highly uncertain) to intermediate/steep hierarchies (certain). We 524 

conclude that repeatability values and rS below 0.70 and 0.35, respectively, are likely 525 

good indicators for a lack of a latent linear dominance hierarchy in the study system.  526 

Additionally, we provide an improvement to the widely accepted original Elo-527 

rating (Elo, 1978). The original Elo-rating is an sequential method proposed for rating 528 

chess players that offers some interesting features for the study of animal 529 

dominance hierarchies (Albers & de Vries, 2001; Neumann et al., 2011). We show 530 

that randomizing 1 000 times the order in which interactions occurred (randomized 531 

Elo-rating), and estimating mean individual ranks increases performance compared 532 

to the original Elo-rating, particularly when hierarchies are not extremely steep. An 533 

important feature of the original Elo-rating is that it allows visualizing hierarchy 534 

dynamics (Neumann et al., 2011), this feature is not possible when using matrix-like 535 

methods such as David’s score. Visualizing hierarchy dynamics might be important 536 

to study social dynamics (Neumann et al., 2011) and/or winner-loser effects (Hsu & 537 

Wolf, 1999). Nonetheless, the randomized Elo-rating is useful when researchers 538 

have a good reason to believe that the dynamics are relatively stable and rank an 539 

inherent property of the individual. Further, we suggest that researchers can control 540 

for factors such as changing ranks or winner-loser effects by controlling which parts 541 

of the data are randomised. For example, researchers interested in tracking how 542 

individual rank changes across days, could increase the precision of the daily rank 543 

estimates by randomizing observations within each day. The randomized Elo-rating 544 
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further allows easy estimation of uncertainty for individual Elo-ratings or ranks. For 545 

example, as discussed above, researches can estimate Elo-rating repeatability, 546 

however, they can also obtain common measures of dispersion such as confidence 547 

intervals or standard deviation for each individual. So far, this was only possible 548 

using the Bayesian procedure proposed by Adams (2005). Finally, we believe that 549 

some researchers avoid the Elo-ratings if they have recorded their data in a matrix 550 

format (and thus do not have the sequence of the interactions). We suggest that in 551 

these cases, the randomized Elo-rating would avoid the potential spurious results 552 

that could arise by assigning a single random order to the observations. 553 

Finally, we acknowledge and discuss some of the potential limitations of this 554 

study. First, due to computational limitations, we only investigated four methods. We 555 

however provided an R package and the R code used in this study to aid 556 

researchers interested in exploring other methods (see Sánchez-Tójar et al., 2017). 557 

Second, one of the limitations of the randomized Elo-rating is that it does not include 558 

tied or undecided interactions. Undecided interactions are very rare (1.8% of all 559 

interactions from 40 empirical interactions datasets; McDonald & Shizuka, 2013), 560 

and researchers not always agree on how to interpret them (e.g. Balasubramaniam 561 

et al., 2013). In fact, it could be argued that part of the undecided interactions are 562 

just so because of the difficulties of understanding animal behaviour. We therefore 563 

suggest that undecided interactions should always be reported but not necessarily 564 

used when inferring dominance hierarchies. Third, in this study we focused on 565 

inferring dominance hierarchies, i.e. we focus on ranks. However, David’s score, and 566 

the original and randomized Elo-ratings were originally developed for estimating 567 

individual indices of (fighting) success. We believe that our suggestions can further 568 
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help researchers aiming to study individual (fighting) success rather than dominance 569 

hierarchies. 570 

Conclusions 571 

We have shown how sampling effort and the steepness of the underlying hierarchy 572 

(a latent feature a priori unknown by the researcher) affect method performance. We 573 

have suggested and provided with a new method, the randomized Elo-rating (R 574 

package "aniDom": Farine & Sánchez-Tójar, 2017). We have shown that David’s 575 

score and the randomized Elo-rating are the two best methods to infer linear 576 

dominance hierarchies, particularly when the latent hierarchy is not extremely steep. 577 

Furthermore, we have introduced two easy procedures to evaluate hierarchy 578 

uncertainty at both the individual and the group level. Last but not least, we have 579 

provided clear guidelines on how much sampling effort is required to infer reliable 580 

hierarchies. We believe that the procedures outlined here are simple to implement 581 

and that the guidelines we provide will help researchers aiming to study dominance 582 

hierarchies. Finally, we hope that this work will help mitigating some of the problems 583 

recently raised (Nakagawa & Parker, 2015) in the broader field of behavioural 584 

research. 585 
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RESOURCES 593 

We provide all of the source code used for our data (Sánchez-Tójar, Schroeder, & 594 

Farine, 2017). We also provide with a free R package to run our implementations 595 

("aniDom": Farine & Sánchez-Tójar, 2017). Further, we note that our implementation 596 

of the original non-randomized Elo-rating outperforms existing R packages for some 597 

scenarios (Sánchez-Tójar, Schroeder, & Farine, 2017).  598 

 599 
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