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Abstract  14 

Background 15 

Movement is the major contributor to active energy expenditure in most vertebrates and it is 16 

regularly characterised by body acceleration that can be captured by animal-attached 17 

accelerometers (ACC). Overall dynamic body acceleration (ODBA) is a metric derived from ACC 18 

data, which can be used as a proxy for energy expenditure over fine time scales.  19 

Methods 20 

Here, we used ACC and GPS data collected from free-ranging dingoes in central Australia to 21 

investigate their activity-specific energetics, and activity patterns through time and space. We 22 

classified dingo activity into stationary, walking, and running behaviours, and estimated daily 23 

energy expenditure via activity-specific time-energy budgets. We tested whether dingoes 24 

behaviourally thermoregulate by modelling ODBA as a function of ambient temperature (Ta) 25 

during the day and night. We used traditional distance measurements (GPS) as well as fine-scale 26 

activity (ODBA) data to assess their daily movement patterns. 27 

Results 28 

We retrieved ACC and GPS data from seven dingoes. Their mass-specific daily energy expenditure 29 

was significantly lower in summer (288 kJ kg-1 day-1) than winter (495 kJ kg-1 day-1; p = 0.03). 30 

Overall, dingoes were much less active during summer where 91% of their day was spent 31 

stationary in contrast to just 46% during winter. There was a sharp decrease in ODBA with 32 

increasing ambient temperature during the day (R2 = 0.59), whereas ODBA increased with 33 

increasing Ta at night (R2 = 0.39). Distance and ODBA were positively correlated (R = 0.65) and 34 

produced similar crepuscular patterns of activity. 35 

Conclusion 36 
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Our results indicated solar radiation and ambient temperature drove the behaviour of dingoes. 37 

Seasonal differences of daily energy expenditure (DEE) in free-ranging eutherian mammals have 38 

been found in several species, though this was the first time it has been observed in a wild canid. 39 

The negative relationship between dingo activity (ODBA) and Ta during the day implies that high 40 

heat gain from solar radiation is a factor limiting diurnal dingo activity in an arid environment. 41 

Keywords: behaviour, dingo, energetic landscape, energy expenditure, ODBA, temperature, time-42 

energy budget  43 
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Introduction 44 

In order to improve individual fitness, an animal must maximise its acquisition of required 45 

resources whilst minimising exposure to unfavourable conditions (Leake, 1961, Southwood, 1977, 46 

Stephens et al., 2007). Driving these decisions is the need to balance energy acquisition and 47 

expenditure, which ultimately dictates an animal’s behaviour and location in the landscape 48 

(Harding et al., 2005, Nathan et al., 2008, Wilson et al., 2012). Given that animals tend not to 49 

position themselves randomly (e.g., Wolf et al., 2005, Nathan et al., 2008, Revilla and Wiegand, 50 

2008, Wilson, 2010), non-random movements and use of space provides insight into the 51 

ecophysiology and ecology of mobile taxa. How wild animals balance their energetics through time 52 

and space is increasingly being studied by integrating movement data with activity-specific time-53 

energy budgets (Halsey et al., 2011). 54 

 55 

Movement is the primary contributor to active energy expenditure in most vertebrates (e.g., 56 

Schmidt-Nielsen, 1972, Tatner, 1986, Karasov, 2015). Animals move for various reasons (e.g., 57 

foraging, predator avoidance, to find mates) and variation in the landscape such as substrate, 58 

vegetation type, and elevation is responsible for varying movement costs (Rubenson et al., 2006, 59 

Wall et al., 2006). The relationship between an individual’s energy expenditure and its use of 60 

space can be described as its energetic landscape, i.e., an environmentally dependent reflection of 61 

the cost of movement that may vary in space and time (Wilson et al., 2012). 62 

 63 

Animal movement can be reliably captured by animal-attached accelerometers (ACC). These are 64 

lightweight devices that measure changes in acceleration in up to three axes (Gleiss et al., 2011). 65 

Ecologists and physiologists now regularly use ACC to capture fine-scale measurements of animal 66 

movement that can then be translated into distinct behaviours (e.g., lying, walking, running; Tatler 67 

et al., 2018). As energy expenditure is a function of activity, these behaviours can then be linked to 68 
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activity specific measures of energy expenditure to produce robust time-energy budgets in free-69 

ranging animals. Time-energy budgets, the categorisation of energy cost per activity integrated 70 

over the time spent performing that activity, provide a reliable estimate of daily energy 71 

expenditure (Ladds et al., 2018) but have been difficult to apply to free-ranging animals where 72 

continuous monitoring of activity is often unavailable. The most commonly used measure of field 73 

energy expenditure for large vertebrates, doubly labelled water (DLW), only provides a broad 74 

measure of overall energy expenditure over the period of study. Doubly labelled water measures 75 

the turnover of oxygen (18O) and hydrogen (2H) isotopes injected into the body water pool as a 76 

direct proxy for metabolic rate via CO2 production and water loss. Yet DLW is an expensive and 77 

invasive method requiring blood sampling and animal recapture, which is especially challenging for 78 

agile or cryptic species like eutherian carnivores. Overall dynamic body acceleration (ODBA), a 79 

metric derived from tri-axial accelerometer data, has proved to be a useful proxy for energy 80 

expenditure over fine time scales in a number of species (e.g., cormorants; Wilson et al., 2006, and 81 

chickens, geese, skunks, penguins; Halsey et al., 2009). It is based on the idea that dynamic 82 

acceleration (tri-axial acceleration with the gravitational component removed) is a function of an 83 

animal’s movement and thus is proportional to the amount of energy consumed during muscular 84 

contraction (Wilson et al., 2006, Gleiss et al., 2011). 85 

 86 

Although ACC-derived estimates of energy expenditure often require captive calibration studies 87 

correlating respirometric calculations of O2 consumption (V̇O2) and/or CO2 production (V̇CO2) to 88 

ODBA measurements during different activities, it generates a more comprehensive set of 89 

measurements whilst imposing less disturbance to wild animals than the DLW method. The 90 

relationship between ODBA and energy expenditure is well supported for terrestrial animals 91 

(Halsey et al., 2009), and incorporating activity-specific energy budgets through time can greatly 92 

improve the accuracy of ODBA as a predictor of daily energy expenditure (Jeanniard-du-Dot et al., 93 
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2017). Free-ranging animals perform a variety of activities that incur different energetic costs. 94 

Although animal activity is readily measured in controlled settings (i.e., captivity), the same degree 95 

of precision could not be obtained from wild animals until recently, due to a lack of resolution in 96 

their daily behaviours. Accelerometry now enables accurate estimates of animal activity in the 97 

wild without direct observation, and thus activity-specific time-energy budgets can now be 98 

calculated for free-ranging individuals. 99 

 100 

Most medium and large carnivores are highly interactive across trophic levels, and their presence 101 

in the landscape propagates changes through ecosystems (Ritchie and Johnson, 2009, Estes et al., 102 

2011). Quantifying the behaviour and resulting energy demands of free-ranging carnivores is 103 

therefore essential for predicting their resource requirements and subsequent selection of 104 

patchily distributed resources across the landscape. Australia’s largest terrestrial predator, the 105 

dingo Canis dingo, is a medium-sized eutherian carnivore that persists in a wide range of 106 

environments (Fleming et al., 2001). Dingoes have been shown to acclimate physiologically to both 107 

extreme heat and cold by shifting or extending their thermoneutral zone (TNZ) and altering 108 

thermal conductance, effectively minimizing their basal metabolic rate (BMR) and energy 109 

expenditure (Shield 1972). For populations in the harsh, resource-limited deserts of central 110 

Australia where risks of hyperthermia are high, survival depends on making daily choices that 111 

minimise behavioural energetic expenditure (and evaporative water loss), whilst optimising the 112 

acquisition of beneficial resources (e.g., food, shelter, water).   113 

 114 

Measuring energetic costs for free-ranging and highly active predators like dingoes is challenging 115 

and, to date, we have a limited understanding of how physiological capacities and environmental 116 

variables affect their movement and use of space. It has been suggested that an individual’s 117 

maximal energy expenditure may be constrained by their ability to dissipate heat (Speakman and 118 
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Król 2010) and therefore bodily processes that generate heat (e.g., movement, digestion etc.) 119 

trade‐off within a total limit defined by heat dissipation capacity. Here, we used ACC and GPS data 120 

collected from free-ranging dingoes in central Australia to investigate their behaviour-specific 121 

energetics and activity patterns through time and space, and uncover the trade-offs imposed by 122 

their arid habitat. We classified broad classes of behaviour from ACC data and used it to estimate 123 

daily energy expenditure via activity-specific time-energy budgets. We explored the dingo’s ability 124 

to behaviourally thermoregulate at different times of the day and year and examined daily 125 

patterns in activity. We predicted that dingoes would be most active during times of primary prey 126 

activity in the arid zone (i.e. dawn and dusk), and that during periods of high temperature dingoes 127 

would be inactive in order to reduce the risk of hyperthermia. Finally, we constructed an energetic 128 

landscape to investigate how dingoes partition their energy in relation to landscape features. 129 

 130 

Methods 131 

Study area and species 132 

Our study took place from April 2016 to May 2018 at Kalamurina Wildlife Sanctuary (hereafter 133 

‘Kalamurina’), a 6,670 km2 conservation area owned and managed by Australian Wildlife 134 

Conservancy, and located at the intersection of three of Australia’s central deserts: the Simpson, 135 

Tirari, and Sturt’s Stony Desert (27°48'S, 137°40'E, UTM Zone 54S; Fig. 1). The site adjoins 136 

protected areas to the north and south to create a 64,064 km2 contiguous area that is managed 137 

for conservation. The region’s climate is arid with a median annual rainfall of 133.5 mm, and it is 138 

characterised by very hot summers and mild winters; mean daily temperatures ranging from 139 

23.1˚C - 37.9˚C in the hottest month and 5.9˚C - 19.7˚C in the coldest month (Bureau of 140 

Meteorology, 2017). It is located in the Simpson-Strzelecki Dunes Bioregion and the dominant 141 

landform is sand dunes (< 18 m), with scattered floodplains, claypans, and salt lakes. The dune 142 

swales are characterised by chenopod shrubland where the main vegetation are species of Acacia, 143 
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Eremophila, and Atriplex. Extensive coolabah Eucalyptus coolabah woodlands exist along the 144 

banks and floodplains of the larger watercourses. 145 

 146 

The dingoes at Kalamurina possess high levels of dingo ancestry (Tatler et al. 2020), making this 147 

study the first assessment of energetics in a wild population of pure dingoes. European rabbits 148 

Oryctolagus cuniculus, c. 1.6 kg comprise the bulk of their diet, but they also consume reptiles, 149 

birds, invertebrates and vegetation (Tatler et al., 2019a). 150 

 151 

 152 

Figure 1. Tracking data from seven dingoes at Kalamurina Sanctuary. Inset displays the location of 153 

Kalamurina in central Australia. The Warburton Creek is the only major watercourse on the eastern 154 

side of the study site, and it is bordered by shrubland and desert woodland along its length. The 155 

majority of Kalamurina consists of sand dunes and flats. 156 

 157 

 158 
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Data collection, cleaning, and processing 159 

We fit 19 dingoes with ACC-GPS collars (Telemetry Solutions, Concord, CA, USA) that were 160 

equipped with tri-axial accelerometers (LISD2H, ST Microelectronics, USA) programmed to sample 161 

changes in acceleration at 1 Hz (one sample per second) and orientated so that the x, y and z-axes 162 

recorded acceleration along the sway, heave, and surge planes, respectively. To increase the 163 

temporal window of data collection, accelerometers were scheduled to record on a one-day on, 164 

three-days off sampling regime. We programmed the GPS to record a location every 15 minutes 165 

on the days the ACC was active. We were able to retrieve ACC and GPS data from seven dingoes 166 

(Table 1). Three individuals were tracked during winter 2016 and four during summer 2017-2018.  167 

 168 

Table 1. Attributes of the seven dingoes equipped with ACC-GPS collars at Kalamurina including 169 

the number of shelters, and the mean (± se) daily distance travelled (km d-1) and daily energy 170 

expenditure (kJ kg-1 d-1). 171 

ID Sex Weight 

(kg) 

ACC collection period 

(days) 

Total ACC 

fixes 

Shelters Daily energy 

expenditure 

Distance 

travelled 

JT04 F 16.0 12 Apr – 7 Aug 16 (44) 2,737,402 10 521 ± 1 6.9 ± 0.7 

JT05 F 16.5 16 Apr – 3 Aug 16 (63) 2,652,399 3 611 ± 1 10.7 ± 0.6 

JT07 M 20.5 12 Apr – 27 Apr 16 (4) 427,560 1 353 ± 1 3.9 ± 1.4 

JT32 F 23.5 28 Oct – 11 Dec (25) 1,067,736 2 226 ± 3 11.2 ± 1.0 

JT34 F 17.5 28 Oct – 24 Jan (46) 2,040,072 4 278 ± 4 9.1 ± 0.6 

JT36 F 15.5 28 Oct – 24 Jan (64) 2,720,096 1 337 ± 4 12.8 ± 0.9 

JT37 M 17.0 28 Oct – 24 Jan (46) 2,257,778 4 311 ± 4 15.5 ± 1.2 

 172 

To limit the effect of abnormal behaviour that might occur as a result of capture and collaring, we 173 

discarded any GPS and ACC data recorded during the 24 hours immediately following release. Data 174 

were also discarded if they had a horizontal dilution of precision ≥ 9 (a measure of GPS accuracy) 175 

or occurred after the collar had dropped-off. All data manipulation and analyses were conducted 176 
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in the R software environment for statistical and graphical computing (version 3.5.1; R Core Team, 177 

2017). 178 

 179 

Dingo behaviour, ODBA, and energetic expenditure 180 

We classified wild dingo behaviours from the ACC data using the Random Forest model described 181 

in Tatler et al. (2018). This model was found to accurately classify 14 dingo behaviours using 1 Hz 182 

ACC data and was therefore directly applicable to our study. However, for the purposes of this 183 

paper, we were only interested in general movement patterns that would influence daily energy 184 

expenditure. Therefore, we trained a new Random Forest model (with the same set of parameters 185 

as Tatler et al. 2018) to identify five classes of movement: lying down, sitting, standing, walking, 186 

and running (Table 2). Initially, we combined all stationary behaviours (lying down, sitting, and 187 

standing) but the acceleration signatures of sitting and standing were too different and resulted in 188 

a combined classification accuracy that was lower than if they were classified separately. Grouping 189 

the higher intensity behaviours improved the accuracy at which our model classified more 190 

energetically costly movements such as walking, trotting, and running (Table 2). Following the 191 

classification of our five grouped behaviours to our wild dingo ACC data, we pooled Lying, 192 

Standing, and Sitting into ‘Stationary’ due to 1) low sample size of Standing and Sitting behaviours, 193 

and 2) similar energetic costs. 194 

 195 

 196 

 197 

 198 

 199 

 200 
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Table 2. Performance of the Random Forest model from Tatler et al. (2018) at predicting 14 201 

different behaviours versus grouped behaviours. We combined similar behaviours to create three 202 

broad movement classes. The True Skill Statistic was used as our measure of classification 203 

accuracy, and the 95% confidence intervals are presented in square brackets next to each metric. 204 

 205 

The total acceleration recorded by accelerometers is the result of both static (gravitational) and 206 

dynamic (animal movement) components. Overall dynamic body acceleration uses the dynamic 207 

component and thus acceleration due to gravity must be removed. We calculated dynamic body 208 

acceleration (DBA) by subtracting a running mean (five seconds) from each acceleration axis (x, y, 209 

and z) to give acceleration values occurring from movement. The absolute value of DBA for each 210 

axis was then summed to give a per-second value of ODBA. 211 

 212 

 213 

Behaviours Classification 

accuracy 

Grouped 

behaviours 

Classification 

accuracy 

 

Lying inactive (laterally) 0.99 [0.98,0.99] 

Lying 0.97 [0.97, 0.98] Statio
n

ary 

Lying inactive (sternally) 0.90 [0.88,0.92] 

Lying alert (laterally) 0.96 [0.95,0.97] 

Lying alert (sternally) 0.96 [0.96,0.97] 

Grooming (lying down) 0.91 [0.89,0.92] 

Drinking 0.85 [0.85,0.85] 

Standing 0.97 [0.95,0.98]   

Sitting  0.91 [0.91,0.91]   

Searching 0.76 [0.76,0.77] 

Walking 0.81 [0.80, 0.81] 

 

Walking 0.75 [0.70,0.80]  

Trotting 0.46 [0.44,0.48]  

Playing 0.88 [0.88,0.89] 
Running 0.76 [0.75, 0.77] 

 

Running 0.62 [0.59,0.64]  
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Energy calculation 214 

Time-energy budgets have been shown to be an effective estimate of DEE when compared to DLW 215 

in previous trials (Weathers et al., 1984) and more recently VeDBA (akin to ODBA) was shown to 216 

accurately predict energy expenditure for specific activities (Jeanniard-du-Dot et al., 2017). We 217 

calculated DEE using time-energy budgets calculated from our ACC derived behaviours and 218 

equations derived from the literature. For resting metabolic rate (applied to all stationary 219 

behaviours) we used oxygen consumption data from dingoes collected by Shield (1972) and 220 

derived the following equation (Eq 1) for V̇O2 against Ta.  221 

   222 �̇�O2 (ml kg−1min−1) =  0.007 × 𝑇𝑎2 − 0.298 × 𝑇𝑎 + 9.968    (Eq 1) 223 

 224 

Where Ta was calculated per second using the Env-DATA system on Movebank (see 225 

‘Environmental covariates’ section below). Shield (1972) calculated V̇O2 using flow through 226 

respirometry from dingoes of a similar size to those in our study (mean ± se = 18.8 ± 0.2 kg vs 18.1 227 

± 0.4 kg) and respirometry was conducted across a similar temperature range to that experienced 228 

by the dingoes at Kalamurina. We selected V̇O2 data from the control group in Shield (1972) as 229 

they were kept in an average ambient temperature of 23˚C over the course of their study, which 230 

was not distinctly different from the average ambient temperature at Kalamurina over our study 231 

period (26 ± 0.1˚C). For the purpose of this study it was assumed that the rate of energy 232 

expenditure when sleeping is the same as when stationary. For our walking and running 233 

behaviours we calculated energy expenditure using the following equation (Eq 2) from Bryce and 234 

Williams (2017) for ‘northern breeds’ assuming an average speed of 1.985 m s-1 for walking and 235 

4.96 m s-1 for running. 236 

 237 �̇�O2 (ml kg−1min−1) =  7.5 +  6.16 ×  𝑠𝑝𝑒𝑒𝑑      (Eq 2) 238 
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 239 

We selected the ‘northern breed’ from Bryce and Williams (2017) as these species most closely 240 

resemble dingoes in overall body size conditions and unfortunately, to the best of our knowledge, 241 

no data exist for V̇O2 of active dingoes. Total DEE was calculated per day for each individual by 242 

summing the cost of each activity multiplied by the time (in hours) each activity was undertaken. 243 

This was then converted to kJ kg-1 day-1
 by multiplying by a factor of 20.1 (Schmidt-Nielsen, 1997). 244 

 245 

Environmental covariates 246 

We created a map of the major landscape features in the study area using vegetation data from 247 

NatureMaps (Department of Environment and Water; downloaded 27/03/2018) and a spatial layer 248 

representing tracks and permanent water sources on Kalamurina (Australian Wildlife Conservancy; 249 

updated 27/03/2018). We classified seven landscape features; watercourses, desert woodland, 250 

low shrubland, tracks, salt lakes, sand dunes, and flats. Each landscape layer was rasterized to the 251 

same resolution (25 m) and extent (56366, 6798279; 339166, 7094179; UTM Zone 54S) using the R 252 

package ‘raster’ (Hijmans, 2017). Additional raster layers were generated from the landscape 253 

rasters by calculating the shortest distance from every cell to each landscape feature. Prior to 254 

statistical analysis, all such ‘distance to landscape feature’ variables were standardised (𝑥 – 255 

mean(𝑥) / standard deviation(𝑥)) and pairwise correlations (Pearson’s r) were calculated. 256 

Distance to flats was removed from the analyses because it was highly correlated with distance to 257 

sand dunes (r = 0.84). All other pairwise correlations were low (r < 0.7). 258 

 259 

We used the Env-DATA system on Movebank to annotate environmental data (temperature, NDVI, 260 

rainfall, and wind speed) to each GPS location, with information sourced from the European 261 

Centre for Medium‐Range Weather Forecasts (Dee et al., 2011) and NASA Land Processes 262 

Distributed Active Archive Center (Didan, 2015). We collected data in two different field seasons, 263 
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‘winter’: April - August 2016, and ‘summer’ Oct 2017 – Jan 2018, and used the R library ‘Maptools’ 264 

(Bivand and Lewin-Koh, 2018) to calculate astronomical time of day (day, night, dawn, and dusk). 265 

We then grouped dawn and dusk together as ‘twilight’. We extracted hour and Julian day from our 266 

dataset as additional temporal covariates. 267 

 268 

Identification of high-use ‘shelters’  269 

Dingoes repeatedly shelter in discrete areas for resting, rearing offspring, and/or socialising 270 

(hereafter referred to as ‘shelters’) and thus they may be an important predictor of energy use 271 

(Tatler et al. 2019b). We used the R package ‘recurse’ (Bracis et al., 2018) to identify shelters for 272 

each dingo by using a combination of (1) recursion to the same location (25 m radius), and (2) the 273 

average amount of time spent in that area (residence time). Shelters were defined individually for 274 

each dingo by an average residence time per visit of ≥ 60 minutes and a rate of recursion in the 275 

90th percentile of all recursions (Table 2).  276 

 277 

Statistical analysis 278 

Behaviour in space and time 279 

Dingoes may exhibit different behavioural responses depending on their location in the landscape. 280 

So that individual differences in behaviour through space and time could be clearly identified, we 281 

chose to analyse the relationship between behaviour and landscape features for each dingo 282 

separately, using a multinomial logistic regression in the R package ‘MDM’ (De'ath, 2013). Our 283 

dependent variable was the proportion of time a dingo was engaged in each behaviour 284 

(stationary, walking, and running) in the 900 seconds (i.e., 15 minutes) prior to the GPS fix, with 285 

landscape feature as our predictor variable. To investigate population-level seasonal differences in 286 

dingo behaviour, we performed a meta-analysis to generate global parameter estimates across 287 

dingoes tracked during winter (JT04, JT05, and JT07) and summer (JT32, JT34, JT36, and JT37). We 288 
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weighted the estimates from the individual models by the inverse of each estimate’s standard 289 

error, to account for variation in the sample size. 290 

 291 

Daily activity 292 

To investigate daily activity patterns of dingoes at Kalamurina we constructed two generalised 293 

additive models (GAMs) using the R package ‘mgcv’ (Wood, 2011). Our first activity model 294 

assessed movement distance (between successive 15-minute GPS locations) as a function of hour 295 

of day (0 – 23). Similarly, the second activity model assessed ODBA (averaged across the same, 296 

preceding 15-minute period as the distance measure) as a function of hour. Prior to statistical 297 

analysis, both response variables were standardised (𝑥 – mean(𝑥) / standard deviation(𝑥)). GAMs 298 

were fitted with a cyclic cubic regression spline and 20 knots. We also ran a Pearson’s correlation 299 

to test the strength and direction of the correlation between the response variables. 300 

 301 

To assess whether dingoes exhibited behavioural thermoregulation by adjusting their activity 302 

levels as a result of ambient temperature, we used a generalised linear model (GLM) with ODBA 303 

(standardised) as our response variable, and ambient temperature (standardised) and time of day 304 

(day or night) as our predictors. We included dingo ‘ID’ and ‘Julian day’ as random effects. 305 

 306 

Energetic landscape 307 

We used linear mixed effect models in the R package ‘lme4’ (Bates et al., 2015) to explore the 308 

relationship between (log transformed) ODBA values (using five second average around each GPS 309 

timestamp) and our environmental/temporal covariates. Based on our aims and a priori 310 

assumptions of dingo activity, we built a candidate set of models (n = 25) and used Akaike’s 311 

Information Criterion corrected for small sample sizes (AICc) and conditional R2 (R package 312 

'MuMin'; Barton, 2018) to rank the models (Table S1). All candidate models included dingo ID as a 313 
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random effect to account for individual variation. The model with the lowest AICc and highest R2 314 

(0.57) nested behaviour within ID, included Julian day as a random effect, and landscape feature, 315 

time of day, and the interaction between time of day and season as fixed effects. 316 

 317 

Results 318 

Dingoes were much less active during summer where 91 ± 0.02% (mean ± se) of their day (24 319 

hours) was spent stationary versus only 46 ± 0.05% during winter (Table S2). Season had the most 320 

profound effect on dingo behaviour (Fig. 2). In summer, dingoes were much more likely to remain 321 

stationary regardless of the habitat they occupied. In contrast, there was a similar probability of 322 

dingoes being stationary, walking, or running during winter. 323 
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 324 

Figure 2. Predicted probabilities of being stationary, walking, or running in each habitat. Blue 325 

represents dingoes tracked during winter (n = 3), and red represents dingoes tracked during 326 

summer (n = 4). Hollow circles indicate probabilities for individual dingoes and solid circles 327 

represent global estimates (± 95% confidence intervals) from our meta-analysis of the multinomial 328 

model estimates for each individual. In winter, only one dingo occurred on salt lakes, so no global 329 

statistic was calculated. 330 
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Distance and ODBA were positively correlated with each other (r = 0.65, p < 0.001), and both of 331 

these variables indicated crepuscular patterns of activity (Fig. 3). Dingoes were most active at 332 

dawn and into the early hours of the night and least active just before dawn and in the middle of 333 

the afternoon.  334 

 335 

 336 

Figure 3. Daily activity patterns of dingoes (n = 7) at Kalamurina. The blue dotted line represents 337 

the distance moved between successive 15 minute GPS location, and the solid green line 338 

represents the predicted, mean ODBA value across 900 seconds (i.e., 15 minutes), as a function of 339 

hour of day. The axis for ODBA has been scaled to fit within the range of the predicted distance 340 

values. 341 

 342 
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We found a contrasting relationship between ODBA and Ta that was driven by the time of day (i.e. 343 

whether it was day or night; Fig. 4). There was a sharp decrease in ODBA with increasing Ta during 344 

the day (R2 = 0.59), whereas ODBA increased with increasing Ta at night (R2 = 0.39). Estimates of 345 

mean daily energy expenditure are shown in Table 1. The mean estimated energy expenditure of 346 

dingoes was significantly higher in winter (495 kJ kg-1 day-1) than summer (288 kJ kg-1 day-1; p = 347 

0.03).  348 

 349 

 350 

Figure 4. Predicted ODBA values (activity) by ambient temperature for dingoes (n = 7) at 351 

Kalamurina either during the day (Panel A) or at night (Panel B). The 95% confidence intervals are 352 

represented by grey shading. 353 

 354 

There was a significant effect of landscape feature on the activity levels (ODBA) of dingoes at 355 

Kalamurina (Fig. 5). Dingoes were most active on salt lakes, tracks, and flats, and least active when 356 

at their shelters (Table S3). Dingo activity was influenced by season, with dingoes in winter 357 

significantly less active during twilight but more active at night than dingoes in summer. The 358 

activity level of dingoes during the day was not significantly different between summer and 359 
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winter. The time of day had a significant effect on how active dingoes were in each landscape 360 

feature during summer but not in winter (Fig. 5). Overall, dingoes exhibited a moderate - low level 361 

of activity in most landscape features. 362 

 363 

 364 

Figure 5. Predicted ODBA values from our selected generalised linear mixed-effect model for 365 

dingoes (n = 7) in eight landscape features during the day, night, and twilight. Approximate activity 366 

levels (low, moderate, and high) were adapted from the relationship between ODBA and 367 

behaviour reported in Tatler et al. (2018) and broadly represent our three grouped behaviour 368 

classes (stationary, walking, and running), respectively. Error bars represent 95% confidence 369 

intervals. 370 

 371 

 372 

 373 
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Discussion 374 

Patterns and processes of all life in the arid zone are shaped by extremes in temperature and 375 

water availability. Kalamurina is one of the hottest and driest places in Australia with a long term 376 

median annual rainfall < 135 mm and maximum temperatures regularly above 40°C throughout 377 

summer. In our study the activity of arid zone dingoes, as measured by ODBA, was primarily driven 378 

by ambient temperature. More closely, we found that this was reflected in activity patterns across 379 

time of day, season, and even landscape features.  380 

 381 

Movement is energetically costly and evaporative water loss is highest during energetically 382 

demanding activities at high ambient temperatures (Schmidt-Nielsen, 1972, McNab, 2002). 383 

Dingoes in this study were crepuscular and exhibited moderate to low activity levels year-round. 384 

Akin to other animals, the movement ecology of dingoes is influenced by seasonally-variable 385 

intrinsic and extrinsic factors, with either primarily diurnal or primarily nocturnal activity patterns 386 

reported in other studies (Allen et al., 2013, Tatler et al. 2019b). Activity patterns of predators 387 

usually coincide with those of their major food source, which are also linked to ambient 388 

temperature (e.g., Jenny, 2005, Harmsen et al., 2011). Rabbits comprise the bulk of dingo diet in 389 

the arid zone (Tatler et al., 2019a) and they are most active in the early evening and throughout 390 

the night. Moreover, as a vagile species, constraining high activity movements (or reducing them 391 

altogether) to the less climatically extreme times of the day is likely an adaptation to mitigate 392 

thermal stressors associated with desert life (Nathan et al., 2008, Aublet et al., 2009, Norris and 393 

Kunz, 2012).  394 

 395 

Seasonally driven activity constraints have been reported for other species (e.g., flying squirrels 396 

Cotton and Parker, 2000, and desert woodrats Murray and Smith, 2012) and suggests a trade-off 397 

between remaining in areas which offer thermal respite versus obtaining resources. Seasonal 398 
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differences of DEE in free-ranging eutherian mammals have been found in several species, though 399 

this is the first time it has been observed in a wild canid. It has been shown that dingoes are 400 

capable of acclimating physiologically to extreme temperatures (-41°C to +45°C) over the course of 401 

a few months by shifting their TNZ and altering their BMR (Shield 1972). This was observed in 402 

concert with a change in thermal conductance brought about by altered coat composition (Shield, 403 

1972). It is reasonable to assume that these physiological changes contribute to seasonal changes 404 

in DEE, however behavioural thermoregulation via altered activity patterns remains an important 405 

facet of energy balancing exhibited by dingoes. As for daily patterns of activity, during extended 406 

periods of high ambient temperatures (e.g. summer) dingoes would benefit from remaining 407 

inactive in order to reduce hyperthermia and evaporative water loss (Terrien et al., 2011). We 408 

found that dingoes were stationary for approximately 22 hours a day during summer compared to 409 

only 12 hours during winter. Winter also coincided with the breeding and whelping seasons and 410 

thus dingoes were more likely to be active during this time (e.g., searching for mates). Further, the 411 

DEE of the two female dingoes tracked in winter was considerably higher than the male’s, which 412 

could be a consequence of increased metabolic demands associated with lactation. Activity levels 413 

of lactating females rise in response to increased foraging effort due to additional energetic 414 

demands and fluid requirements for milk production, which can be twice those of basal needs 415 

(Pond, 1977). 416 

 417 

The mean estimated DEE of dingoes (6620 kJ day-1) was comparable to a highly active domestic 418 

dog (6,700 kJ day-1) but less than half that of the similar sized African wild-dog Lycaon pictus 419 

(15,300 kJ day-1; Gorman et al. 1998). African wild-dogs incur high energetic costs due to 420 

endurance hunting of large ungulates whereas dingoes in arid Australia primarily target much 421 

smaller prey (1-2 kg) that can be subdued relatively quickly. There is some evidence that dingoes 422 
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in the arid zone may consume more large prey (e.g., kangaroos; c. 40 kg) during winter (Paltridge, 423 

2002) when energetic costs of sustained high intensity movement are lower as a result of lower Ta.  424 

 425 

Many species alter their behaviour in response to solar radiation, usually to reduce thermal stress 426 

associated with hyperthermia and the difficult task of dumping excess heat (Walsberg, 2000, 427 

Terrien et al., 2011). Regardless of season, we found evidence that dingoes behaviourally 428 

thermoregulate by decreasing their activity levels with increasing ambient temperature during the 429 

day. Conversely, the positive relationship between activity and temperature at night implies that 430 

dingoes could be compensating for low daily activity by partially shifting foraging or movement to 431 

nocturnal periods, where radiative heat gain is no longer an issue.  432 

 433 

Dingoes displayed the highest activity levels on salt lakes and tracks, which was expected given 434 

they are primarily used for commuting (Tatler et al. 2019b). The very low activity levels observed 435 

when dingoes were in their shelters was probably indicative of stationary behaviours such as 436 

resting or sleeping. Returning to discrete areas for shelter and/or denning is common amongst 437 

mammalian carnivores and can increase individual fitness by providing thermoregulatory benefits 438 

(Weber, 1989), reducing predation rates (Ruggiero et al., 1998), and increasing offspring survival 439 

rates (Baker et al., 1998). Further, microclimate selection (i.e., location of shelters in the 440 

landscape) is an important thermal defence employed by animals to buffer changes in ambient 441 

temperature. We previously collected data on the same dingo population (Tatler et al. 2019b) and 442 

found that shelters were significantly more likely to be located in the densely vegetated desert 443 

woodlands and along watercourses than in exposed habitats like salt lakes. 444 

 445 

Conclusions 446 



24 
 

For endotherms in the arid zone, the necessity to dissipate heat drives a range of adaptions, from 447 

anatomy and physiology, to behaviour. Globally, arid regions are expanding associated with 448 

climate change, and the initial response of species that remain in these regions, to new thermal 449 

challenges, are ostensibly behavioural. Understanding the flexibility of behavioural 450 

thermoregulation is therefore important for interpreting how populations or species of 451 

endotherms will respond to a changing climate. Here, we suggest that the behavioural ecology of 452 

dingoes in the arid zone is driven by limitations to heat dissipation regardless of season, in line 453 

with the hypothesis that heat dissipation limits the upper boundary of total energy expenditure 454 

(Speakman and Król, 2010). As large endotherms in arid ecosystems are particularly vulnerable to 455 

the effects of increased heat gain, it is essential to consider the energetic constraints on behaviour 456 

ecology from a heat dissipation perspective and not simply related to energy supply.  457 
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Figures

Figure 1

Tracking data from seven dingoes at Kalamurina Sanctuary. Inset displays the location of Kalamurina in
central Australia. The Warburton Creek is the only major watercourse on the eastern side of the study site,
and it is bordered by shrubland and desert woodland along its length. The majority of Kalamurina
consists of sand dunes and �ats. Note: The designations employed and the presentation of the material
on this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 1

Predicted ODBA values from our selected generalised linear mixed-effect model for dingoes (n = 7) in
eight landscape features during the day, night, and twilight. Approximate activity levels (low, moderate,
and high) were adapted from the relationship between ODBA and behaviour reported in Tatler et al.
(2018) and broadly represent our three grouped behaviour classes (stationary, walking, and running),
respectively. Error bars represent 95% con�dence intervals.



Figure 1

Predicted probabilities of being stationary, walking, or running in each habitat. Blue represents dingoes
tracked during winter (n = 3), and red represents dingoes tracked during summer (n = 4). Hollow circles
indicate probabilities for individual dingoes and solid circles represent global estimates (± 95%
con�dence intervals) from our meta-analysis of the multinomial model estimates for each individual. In
winter, only one dingo occurred on salt lakes, so no global statistic was calculated.



Figure 1

Predicted ODBA values (activity) by ambient temperature for dingoes (n = 7) at Kalamurina either during
the day (Panel A) or at night (Panel B). The 95% con�dence intervals are represented by grey shading.



Figure 1

Daily activity patterns of dingoes (n = 7) at Kalamurina. The blue dotted line represents the distance
moved between successive 15 minute GPS location, and the solid green line represents the predicted,
mean ODBA value across 900 seconds (i.e., 15 minutes), as a function of hour of day. The axis for ODBA
has been scaled to �t within the range of the predicted distance values.
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