
1 
 

The relevance of host overcrowding in wildlife epidemiology: a new spatially 1 

explicit aggregation index 2 

Eduardo Laguna1, José A. Barasona2, Roxana Triguero-Ocaña1, Margarita Mulero-3 

Pázmány3,4, Juan José Negro3, Joaquín Vicente1& Pelayo Acevedo1* 4 

1 – IREC Instituto de Investigación en Recursos Cinegéticos (UCLM-CSIC-JCCM), 5 

Ciudad Real, Spain. 6 

2 – VISAVET Centre, Animal Health Department, Universidad Complutense Madrid, 7 

Spain. 8 

3 – Department of Evolutionary Ecology. Doñana Biological Station. CSIC. Avda. 9 

Américo Vespucio s/n. 41092. Seville, Spain. 10 

4- Departamento de Ciencias Naturales. Universidad Técnica Particular de Loja. San 11 

Cayetano Alto, Loja, Ecuador.  12 



2 
 

Abstract 13 

Species distribution and population abundance are keystone patterns in ecology, and 14 

currently also in epidemiology. The aggregation of individuals in the population is 15 

closely related to distribution and abundance, but they are not totally equivalent 16 

patterns. Despite the great efforts made in recent decades to harmonise the sampling 17 

protocols used to collect distribution and abundance data, studies regarding the 18 

development and testing of aggregation indices are scarce, even when individuals’ 19 

aggregation is quite relevant and necessary for the design of effective wildlife 20 

management policies. One of the most popular aggregation indices is the overcrowding 21 

index (m*), which quantifies the number of individuals per group, and does not, 22 

therefore, take into account how the individuals and groups are distributed in a given 23 

territorial unit. In this study, we describe and assess a new spatially explicit aggregation 24 

index (SAI) in which the distribution of individuals within the group and the groups in 25 

the territorial units are included in the formulation. A comparative evaluation of the 26 

proposed index was carried out in relation to m*, including a specific assessment of the 27 

biological meaning of these indices by relating aggregation indices with pathogen 28 

prevalence in a multi-host epidemiological scenario. Our results showed that SAI –but 29 

not m*– responded to changes in the aggregation level of individuals in the population 30 

in both theoretical scenarios and with real data obtained from a case study. Spatial 31 

information is, therefore, required to quantify individuals’ aggregation and the 32 

processes that are associated with it. This is particularly relevant when our 33 

understanding of processes needs to be addressed on a fine local scale, as is the case 34 

when working in epidemiology. Our results reinforce this idea, since the capacity of SAI 35 

to explain the prevalence of animal tuberculosis at a community level was significantly 36 

higher than that observed for m*, the latter being to a great extent based in the 37 
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abundance of individuals in the area. We concluded that SAI has a great potential for 38 

wildlife monitoring in general and for epidemiological studies in particular and may, 39 

together with abundance data, provide practical information to evaluate wildlife 40 

management actions and define effective policies for diseases control. 41 

Keywords: disease ecology, livestock-wildlife interface, population monitoring, 42 

unmanned aircraft systems, wildlife abundance, wildlife distribution. 43 

  44 



4 
 

1. Introduction 45 

Species distribution and population abundance are keystones topics in ecology, and 46 

currently also in epidemiology (e.g. Hassell and May 1974). From an epidemiological 47 

perspective, the relevance of this kind of studies has grown in the last few years, and 48 

this has principally been motivated by: (i) the recurrent evidence on the association 49 

between the emergence and persistence of pathogens and the presence of complex 50 

ecological communities (e.g. Frölich et al. 2002; Gortázar et al. 2016), and (ii) the 51 

usually strong relationship between host abundance and sanitary status (e.g. Gortázar et 52 

al. 2006). Overall, the transmission and maintenance of most pathogens increase in 53 

situations of high host population abundance and individuals’ aggregation (McCallum 54 

et al. 2001; Vicente et al. 2004; Gortázar et al. 2006). The aggregation of individuals in 55 

the population is closely related to distribution and abundance patterns, but they are not 56 

totally equivalent. What is more, the relationship between the rates of pathogens 57 

(transmission, prevalence, etc.) and host aggregation is closer than that observed 58 

between these rates and host population abundance (Acevedo et al. 2007; VanderWal et 59 

al. 2012). Whereas abundance assumes a probability of contact among individuals that 60 

is proportional to the number of individuals, the animals’ aggregation determines the 61 

probability of contact by considering how close the individuals are (Drewe et al. 2013). 62 

Measuring the patterns of population distribution and abundance and individuals’ 63 

aggregation requires an intensive sampling effort, since they may be modulated by not 64 

only abiotic and biotic factors, but also by human-mediated ones (Etherington et al. 65 

2009; Acevedo et al. 2011). The degree of individuals’ aggregation is, in part, an 66 

intrinsic ecological trait of each species that is, for instance, expressed in the form of 67 

gregariousness, territoriality and polygyny (Shuster & Wade 2003; Pérez-González & 68 

Carranza 2011). However, wildlife management can alter the natural behaviour of the 69 
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species, and consequently their distribution, abundance and aggregation patterns, by 70 

actions such as the introduction of animals, fencing territories, and/or food and water 71 

supplementation, among others (Vicente et al. 2007; Pérez-González et al. 2010a; 72 

Forristral et al. 2012). The research efforts made in recent decades have been focused on 73 

developing and validating methods that can be used to determine population distribution 74 

and abundance (e.g. Acevedo et al. 2010; Engeman et al. 2013). However, studies 75 

aimed at developing and testing aggregation indices are scarce, even when they are 76 

quite relevant for management and are required for the design of effective disease 77 

control management programs (Boadella et al. 2011).   78 

Lloyd (1967) developed a statistical framework for quantifying the individuals’ 79 

distribution in natural populations in relation to overcrowding and competition. He 80 

defined m* as an overcrowding index that measures the degree to which the individuals 81 

are grouped around key resources. Shuster & Wade (2003) subsequently used the m* 82 

index to quantify females’ aggregation during the breeding season in a spatial context 83 

(see also Pérez-González et al. 2010b). Lloyd’s (1967) index quantifies the mean 84 

number of individuals per group in the following manner: 85 

𝑚∗ = (∑ 𝑚𝑔 (𝑚𝑔 − 1))/𝑛𝑀
𝑔=1  (Equation 1) 86 

Where 𝑀 is the number of groups in a given territorial unit, 𝑚𝑔is the number of 87 

individuals in the group, and 𝑛 = ∑ 𝑚𝑔, that is, the number of individuals in the 88 

territorial unit. In this index, the aggregation is based on the number of individuals in 89 

each group (𝑚𝑔), and on the number that are in the territorial unit (𝑛). In m* the 90 

population abundance is, therefore, considered when quantifying individuals’ 91 

aggregation but it does not take into account how the individuals and groups are 92 

distributed within the territorial unit.  93 
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The aim of our study is, therefore, to describe and assess a new spatially explicit index 94 

that accounts for the distribution of individuals within the group and the groups in the 95 

territorial units in the formulation. The proposed index is evaluated in comparison to 96 

m*, including a specific assessment of their the biological meaning of these indices by 97 

relating aggregation indices with pathogen prevalence in a multi-host epidemiological 98 

scenario. 99 

 100 

2. Methods 101 

2.1. The spatially explicit aggregation index (SAI) 102 

The abundance of animals, in addition to the location of both the animals within the 103 

group and the groups in the territorial unit, are parameters that should be considered 104 

when quantifying aggregation, since they notably affect the overcrowding of the 105 

animals. Two ratios have, therefore, been incorporated into the new ‘Spatially explicit 106 

Aggregation Index’ (SAI) in order to take into account the spatial location of individuals 107 

and groups (see Figure 1). First, the new index requires the estimation of the ratio 108 

between the maximum observed distance among individuals in the group and the spatial 109 

scale of the pattern (𝐷𝑖𝑛𝑑). The spatial scale of the pattern (d*) is the spatial resolution 110 

at which the aggregation in a point pattern study should be analysed (Ripley 1981). This 111 

parameter is used to determine what animals are in a group (see below). The d* can be 112 

determined mathematically when no priors regarding the cohesiveness of the “points” 113 

are available (see e.g. Pérez-González et al. 2010b), but it can also be inferred from 114 

observational evidence when working with well-known species. Second, SAI also 115 

considers the ratio between the mean distance between groups in the territorial unit in 116 
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relation to the maximum possible distance between two groups in the territory (𝐷𝑔𝑟). 117 

SAI is formulated as follow: 118 

𝑆𝐴𝐼 = log10 ((∑ (𝑚𝑔/𝐷𝑖𝑛𝑑) )/𝐷𝑔𝑟
𝑀
𝑔=1 )  (Equation 2) 119 

Where 𝐷𝑖𝑛𝑑 = 1 for isolated individuals, and 𝐷𝑔𝑟 = 1 for territories with a single group. 120 

In this study, the aggregation indices –m* and SAI–were first assessed in theoretical 121 

scenarios in which the number of individuals and the distribution of both individuals 122 

within the groups and groups in the territorial unit were manipulated. Secondly, a case 123 

study was carried out to illustrate the differences between m* and SAI with real data, 124 

and including the assessment of their capacity to explain pathogen prevalence at a 125 

community level. 126 

2.2. The case study: ungulates in Doñana National Park 127 

2.2.1. The study area 128 

In order to comparatively assess m* and SAI in a natural scenario, we carried out a study 129 

on the community of ungulates in Doñana National Park, DNP (37°09 N, 6°309 W; 130 

54,000 ha), a nature reserve located on the Atlantic coast of south-western Spain and 131 

one of the most important biodiversity reserves in Europe. The complexity of the 132 

epidemiology of tuberculosis (TB) in the ungulate community of DNP has been 133 

intensively studied (e.g. Romero et al. 2008; Gortázar et al. 2011; Barasona et al. 134 

2014a). A traditional breed of cattle (locally known as “marismeña”) cohabits with a 135 

diverse and abundant community of wild ungulates, including wild boar (Sus scrofa), 136 

red deer (Cervus elaphus) and fallow deer (Dama dama). The incidence of TB in cattle 137 

is high (9.23% per year), and TB prevalence in wild boar (52-54%), red deer and fallow 138 
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deer (14-19%) are among the highest found in natural populations worldwide (Gortázar 139 

et al. 2008; 2011). 140 

2.2.2. Unmanned Aircraft Systems methodology 141 

We used Unmanned Aircraft Systems (UAS, also known as drones) to collect 142 

information on animal distribution in the study area. During the summer (August and 143 

September) of 2011, 15 aerial tracks (of a length of ≈ 4 km and a width of ≈ 0.1 km) 144 

were conducted between 17.30 h and 21.00 h local time (Figure 2). The sampling design 145 

responded to the period of maximum expected aggregation of the animals (reproductive 146 

season) in the study area (Braza & Alvarez 1987; Barasona et al. 2014b). We used a 147 

radio-controlled model Easy Fly plane (St-models, China) propelled by a brushless 148 

electric engine. The plane carried a video camera used for First Person View Flight, a 149 

GPS (Mediatek, model FGPMMOPA6B), an Ikarus autopilot which provides flight 150 

stabilisation, an On Screen Display, and a Panasonic Lumix LX-3 digital photo camera 151 

11MP to take the photographs. The UAS was programmed to fly at an altitude of 100 m 152 

above ground level and at an average speed of 40 km/h. Further details on the sampling, 153 

the system and the image processing can be found in Barasona et al. (2014b) and 154 

Mulero-Pázmány et al. (2015). 155 

Once the animals had been identified on the images gathered by the UAS in the 156 

sampling area, 100 m x 100 m grid squares were overlapped in order to define the 157 

territorial units for estimating the interspecific aggregation indices. The objective of this 158 

analysis was to illustrate the potential differences between the indices rather than 159 

focusing on a particular ecological question. In this case, study the data for cattle, red 160 

deer and fallow deer were, therefore, pooled to estimate aggregation indices at the 161 

community level so as to avoid the further complexities that the estimation of 162 

intraspecific aggregations might suppose. The low diurnal activity and detection of wild 163 
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boar (e.g. Kukielka et al. 2013) did not allow us to include data for this species in the 164 

aggregation indices (see also Barasona et al. 2014b). 165 

2.2.3. Defining groups of animals and estimating individual’s aggregation 166 

The estimation of the aggregation indices from UAS data begins with the definition of 167 

groups and can be summarised as follows. We used observational studies on ungulates 168 

in Mediterranean areas as a basis to consider 30 m as d* (see also Acevedo et al. 2008). 169 

Despite being subjective, this value does not compromise the results of our comparative 170 

analyses since the same d* was used to quantify m* and SAI. The individuals were 171 

assigned to groups following the procedure described in Pérez-González et al. (2010b) 172 

(see this source for a complete description of the mathematical rationale). For each 173 

individual identified in the UAS, we determined those individuals at a shorter distance 174 

than d*. This information was used to group the animals in: isolate aggregations (no 175 

other individual was at a distance <d*), a close group (a group of k individuals that were 176 

only at a distance of <d* from each other) and an open group (a group of k individuals 177 

that were at a distance of <d* from each other, but other individuals could also be at a 178 

distance of <d* from any of them). After carrying out these analyses, each animal was 179 

assigned to a group, and the coordinates of the centroid were used to geographically 180 

define each group. Once the groups of animals in the sampled area had been identified 181 

and spatially located, Equations 1 and 2 were applied to estimate the aggregation indices 182 

for each of the sampled squares. 183 

2.2.4. Relating aggregation and pathogen prevalence 184 

In order to assess the biological meaning of the aggregation indices, m* and SAI, we 185 

studied their relationship with TB prevalence on a local scale in the DNP wild ungulate 186 

community (wild boar, red deer and fallow deer). Details concerning sampling and TB 187 
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diagnosis can be found in Barasona et al. (2014b). Briefly, from 2006 to 2012, 949 wild 188 

ungulates including wild boar (n=570), red deer (n=190) and fallow deer (n=189) were 189 

randomly captured, geo-referenced, necropsied and sampled in the context of the DNP 190 

health-monitoring programme. A standardised protocol for sampling collection was 191 

carried out for each of the animals sampled (Gortázar et al. 2008). Macroscopic TB 192 

compatible lesions were diagnosed after a detailed inspection of lymph nodes, 193 

abdominal and thoracic organs (Vicente et al. 2006; Martín-Hernando et al. 2007, 194 

2010).  195 

The prevalence of wild ungulates per each territorial unit was estimated by considering 196 

a 500 m buffer around its centroid in order to include most animals within the home 197 

range of the animals included in the group/s (see Gortázar et al. 2008). Specifically, 251 198 

of the animals sampled intersected with the buffer around the territorial units for which 199 

the aggregation indices were measured. With regard to modelling, the response variable 200 

was the prevalence of TB in each territorial unit. While adjusting for the other risk 201 

factors hypothesised to influence the diseases status in DNP, namely the distance to the 202 

nearest water point (DWP) and the distance to the nearest marsh-shrub ecotone (DME) 203 

(see Gortázar et al. 2011; Barasona et al. 2014b), two independent general lineal models 204 

were calibrated (one for each aggregation index), in order to elucidate which index –m* 205 

or SAI– was more informative as regards explaining TB prevalence. The objective of 206 

this analysis was not to provide a detailed epidemiological model of TB transmission, 207 

but simply an assessment of the biological meaning of these indices at a community 208 

level using real epidemiological data. 209 

 210 

3. Results 211 
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3.1. Comparison between m* and SAI: a theoretical perspective 212 

Figure 1 shows the values of m* and SAI in six theoretical scenarios of animal 213 

aggregation. Only SAI was sensitive to changes in the distribution of individuals within 214 

the group (scenario 1.c vs 1.d, and 1.e vs 1.f) and to changes in the locations of the 215 

groups within the territorial unit (scenario 1.f vs 1.g). Moreover, the presence of isolated 216 

aggregations (i.e. groups with 1 individual) reduced m* but increased SAI (1.c vs. 1.e). 217 

3.2. Comparison between m* and SAI: a practical assessment 218 

A total of 746 ungulates were located using the aerial tracks, including 324 red deer, 219 

340 fallow deer and 82 cattle. The individuals were grouped in 24 isolated aggregations, 220 

43 close groups and 92 open groups (Figure 2), thus making it possible to estimate 221 

aggregation indices in 93 1ha squares. As expected, the m* and SAI indices were 222 

significantly associated (Spearman’s rho= 0.719, n=93, p<0.001; Figure 3). A more in-223 

depth assessment of specific cases allowed us to explain, for each index and with real 224 

data, the situations in which index sensitivity to changes in individual aggregation can 225 

be compromised (Figure 4). 226 

Significant models were obtained for both aggregation indices: F3,81=2.807, p=0.04 and 227 

F3,81=4.412, p=0.006 for m* and SAI, respectively. According to the AIC values, the 228 

model that included SAI was more parsimonious than that which included m* (see also 229 

Table 1). In addition, the modelling showed that SAI –but not m*– was significantly and 230 

positively related to TB prevalence at a wild ungulate community level. The assessment 231 

of the residuals for both models evidenced that no problems associated with either 232 

normality or spatial autocorrelation are expected. 233 

 234 

4. Discussion 235 
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In this study we have developed and assessed a new spatially explicit aggregation index 236 

based on the information regarding the abundance and distribution of both the 237 

individuals in the group and the groups in the territory, which, contrary to m*, 238 

responded to changes in the aggregation level of individuals in the population, both in 239 

theoretical scenarios and when using real data obtained from the case study. Individual 240 

aggregation patterns are of general interest to wildlife managers and researchers because 241 

aggregation behaviours determine intra and interspecific interactions, including not only 242 

the contact rates that drive disease transmission within and among species (Cross et al. 243 

2010), but also herbivore-plant and prey-predator relationships, among others (e.g. 244 

Hebblewhite & Pletscher 2002; Gude et al. 2006). Despite the relevance of individuals’ 245 

aggregation has been stated in several studies, most of them in an epidemiological 246 

context, little effort has been made to describe how individual aggregation should be 247 

measured. Lloyd’s overcrowding index (Lloyd 1966), population density, group size 248 

and group density are, therefore, usually used as proxies of an individual’s aggregation 249 

(e.g. Pérez-González et al. 2010b; Proffitt et al. 2012; Brennan et al. 2014). However, 250 

an aggregation index should ideally contain information on both the number of 251 

individuals and their distribution in the territory, and these previous indices only 252 

account for one of these parameters. Acevedo et al. (2007) described an aggregation 253 

index based on the sequence of dropping presence along a linear transect that, even 254 

when it is not based on the direct observation of the individuals, is expected to be 255 

related to the individuals’ aggregation in the population. In this study, we have 256 

described a practicable spatially explicit aggregation index based on the observation 257 

data obtained for individuals/groups of individuals, with a high potential for use in both 258 

ecological and epidemiological studies. 259 
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The aggregation of individuals often relates to population abundance, and abundance 260 

indices –or aggregation indices based solely on population size– can therefore be used 261 

as a proxy of overcrowding, mainly on a regional scale (e.g. LaHue et al. 2016). 262 

However, independently of the population size, individuals locally respond to 263 

environmental peculiarities by forming different aggregation patterns. For instance, 264 

landscape structure and weather have been described to have a stronger influence on 265 

aggregation than the individuals’ abundance in the population (Proffitt et al. 2012). 266 

Using indices related to population density as a proxy of aggregation could fail to 267 

explain processes closely related to individuals’ aggregation (e.g. Ferrari et al. 2011; 268 

VanderWal et al. 2012). Our results suggest that rather than simple abundance data, 269 

spatial information is required to quantify aggregation and the processes that depend 270 

on/are associated with them. This is particularly relevant when our understanding of 271 

processes needs to be addressed on a fine local scale, as required when working with 272 

epidemiology and disease control. In this context, using the images obtained by UAS it 273 

is possible to extract environmental information of the surroundings at the same spatial-274 

temporal scale as animal spatial distributions. This may help better understanding the 275 

environmental causes of aggregation patterns (e.g. animals aggregate around small 276 

and/or ephemeral water or food sources on areas where those resources are limiting).  277 

The location of individuals and groups within a territory improved the characterisation 278 

of individuals’ aggregation for epidemiological purposes. As individuals interact 279 

locally, spatial-temporal variations in disease transmission are expected to be more 280 

closely related to fine scale measures of individuals’ aggregation than to broad measures 281 

of aggregation such as population density, group size, etc. (e.g. Barasona et al. 2014b). 282 

Previous studies have accordingly shown that belonging to a TB-infected social group is 283 

a significant risk factor for TB prevalence in red deer and wild boar in DNP (Gortázar et 284 
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al. 2008; 2011). It has been suggested that the spread of TB and its maintenance in 285 

Mediterranean areas is caused by both high intraspecific and cross-species (mainly 286 

indirect routes at risky points) transmission rates (e.g. Kukielka et al. 2013; Barasona et 287 

al. 2017). In this case, the use of density-related indices as proxies for the rate of contact 288 

among individuals could fail to explain variations in disease transmission (Cross et al. 289 

2010; VanderWal et al. 2012). Our results reinforce this idea, since we found that the 290 

model parameterised for SAI was more parsimonious than that for m*, which is largely 291 

based in the abundance of individuals in the area (Table 1). In addition, the aggregation 292 

measured by SAI was in itself a significant predictor for explaining the prevalence of TB 293 

in the DNP wild ungulate community and, additionally provided biological information 294 

(spatial, social) that other indices do not contain. Finally, after working with elk (Cervus 295 

canadensis) in Yellowstone NP, Proffitt et al. (2012) also indicated the importance of 296 

aggregation over population density in the case of disease transmission and concluded 297 

that dramatic reductions in elk population sizes would be necessary to produce 298 

measurable reductions in group density that is able to affect frequency-dependent 299 

transmission. In order to provide better information for appropriate management 300 

strategies aimed at reducing disease transmission, a better understanding of the 301 

relationships between population size, group size and group density, that is, population 302 

size and aggregation, is therefore needed. 303 

Many species have complex aggregation patterns and it is, therefore, unclear which 304 

population abundance and/or individuals’ aggregation metric may be most relevant to 305 

determine disease transmission in each epidemiological scenario. The aggregation index 306 

developed in this study provides reliable results in the context of the domestic-wild 307 

ungulate interface, but it should be assessed in other epidemiological scenarios and/or 308 

ecological contexts in which measuring the individual aggregation is relevant. At this 309 
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respect, UAS provide information for a concrete period and the individual aggregation 310 

is expected to experience both daily and seasonal change, mainly in highly dynamic 311 

ecosystems as PND and working with gregarious species as most wild ungulates. 312 

Therefore, the sensitivity of SAI to temporal changes in animals’ aggregation should be 313 

yet evaluated. The index sensitivity can probably be fine-tuned for application in new 314 

contexts by, for instance, fitting adequate spatial scale and territorial units, and re-315 

formulating the rates on the basis of both individual and group distances. We concluded 316 

that SAI has a great potential for wildlife monitoring in general and for epidemiological 317 

studies in particular, and may, together with abundance data, provide practical 318 

information for evaluating wildlife management actions and to define effective policies. 319 
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Table 1. Results of the general linear models used to explain the prevalence of 449 

tuberculosis (TB) in the community of wild hosts in Doñana National Park (β the 450 

coefficients; Signif. codes:  p<0.001 ***; p<0.01 **; p<0.05 *; and p<0.1#); one model 451 

included m* as an aggregation index and the other included the spatially explicit 452 

aggregation index (SAI). Other predictors were the distance to the nearest water point 453 

(DWP) and the distance to the nearest marsh-shrub ecotone (DME), which were 454 

included as relevant risk factors explaining TB prevalence in the study area (see text for 455 

details). 456 

Parameter Model including m* Model including SAI 

Intercept β =0.41; F1,85=68.987*** β =0.34; F1,85=39.202*** 

DWP β =1.04e-4; F1,85=5.222** β =1.17e-4; F1,85=6.795* 

DME β =-1.47e-4; F1,85=2.820# β =-1.51e-4; F1,85=3.119# 

Aggregation index β =1.34e-3; F1,85=0.037 β =1.89e-2; F1,85=4.399* 

 

AIC -15.360 -19.817 

R2 0.09 0.14 

On the residuals   

Kolmogorov-Smirnov Z=0.433; p=0.992 Z=0.636; p=0.814 

Spatial autocorrelation Morans’ I=0.132 Morans’ I=0.114 

  457 
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Figure 1. (a) Derivation of the parameters related to distance among individuals within 458 

each group (𝐷𝑖𝑛𝑑) and distance among groups in the territorial unit (𝐷𝑔𝑟) used to 459 

estimate the SAI developed in this study. (b-g) Theoretical scenarios used to explore the 460 

response of both aggregation indices (m* and SAI, see text for details) in different 461 

situations of animals’ and groups’ aggregation. Blue circles schematise the groups and 462 

orange points schematise the individuals. Squares are the territorial units, and were 463 

considered to be 100 x 100 m. 464 

  465 



24 
 

Figure 2. Map of the study area, Doñana National Park. Locations of the UAS tracks 466 

and the positions of the different group of animals along the tracks are shown. 467 

 468 

 469 

  470 
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Figure 3. Scatterplot between m* and SAI in each of the 100x100m squares sampled in 471 

Doñana National Park. 472 

  473 
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Figure 4. Using real data, five cases were identified in which the sensitivity of the both 474 

m* and SAI to changes in individual aggregation can be compromised. Case 1 shows the 475 

sensitivity of SAI –but not m*– to changes in the individuals’ aggregation within the 476 

groups. Case 2 shows the sensitivity of SAI –but not m*– to changes in the aggregation 477 

among groups. Case 3 shows the effect of a large group on m*. Case 4 shows that the 478 

presence of isolated aggregations reduces m* but increases SAI. Case 5 shows that a 479 

small group with a high individual aggregation can produce a similar SAI value than a 480 

bigger group with more dispersed individuals. Circles represent the group centroids and 481 

orange points represent the individuals.  482 

 483 

Ind: number of individuals in the square, M: number of groups in the square, Dind: parameter related to 484 
the distance among individuals in the group, and Dgr: parameter related to the distance among groups in 485 
the square (* Dgr is 1 when only one group is present). 486 


