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Abstract
Appropriate management of the effects of human activities on animal populations
requires quantification of the rate at which animals encounter stressors. Such
activities are heterogeneously distributed in space, as are the individual animals in
a population. This will result in a heterogeneous exposure rate, which is also likely
to vary over time. A spatially explicit analysis of individual exposure is therefore
required. We applied Bayesian spatially explicit capture–recapture models to
photo-identification data to estimate the home range of well-marked individuals in
a protected coastal population of bottlenose dolphins. Model results were combined with the estimated distribution of boat traffic to quantify how exposure to
this disturbance varied in time and space. Variability in exposure between individuals was also investigated using a mixed-effects model. The cumulative individual exposure to boat traffic varied between summers, depending both on the
overall area usage and the degree of individual movement around the activity
centres. Despite this variability, regions of higher risk could be identified. There
were marked inter-individual differences in the predicted amount of time dolphins
spent in the presence of boats, and individuals tended to be consistently over- or
underexposed across summers. Our study offers a framework to describe the
temporal, spatial and individual variation in exposure to anthropogenic stressors
when individuals can be repeatedly identified over time. It provides opportunities
to map exposure risk and understand how this evolves in time at both individual
and population levels. The outcome of such modelling can be used as a robust
evidence base to support management decisions.

Human pressure on the natural environment is increasing,
particularly in the marine environment where new industries
targeting offshore areas are growing alongside traditional
activities such as fishing and shipping (Halpern et al., 2008).
Animal interactions with some anthropogenic activities can
lead to their direct death (e.g. by-catch) (Read, Drinker &
Northridge, 2006). Repeated exposure to other activities
also has the potential to cause long-term effects on animal
populations. These indirect population-level effects are
mediated by the repeated non-lethal disruption of individuals’ behaviour and the consequent changes in individual
vital rates (New et al., 2013). The management of such
effects requires a detailed understanding of the rate at which
individual animals encounter the stressors. Human activities
are not homogeneously distributed in space (Halpern et al.,
2008). For example, in the marine environment, ship traffic
tends to concentrate along specific routes and in specific

periods of the year (Schreier et al., 2007). Energy exploitation, renewable or non-renewable, is also directed where
extraction is the most efficient and profitable (Pelc & Fujita,
2002). Moreover, different animals in a population are
expected to use their habitat in different ways as a result of
their sex, life stage, condition and social interactions with
conspecifics (Bixler & Gittleman, 2000; van Beest et al.,
2011; Campioni et al., 2013; Mattisson et al., 2013). Population density and the heterogeneous distribution of
resources in the environment can also affect individual
habitat selection (Schoener & Schoener, 1982; Schradin
et al., 2010; Naidoo et al., 2012). In addition, changes in
local conditions may influence the size and location of individual home ranges through time (Wang & Grimm, 2007).
Consequently, individuals in a population are likely to be
heterogeneously exposed to human disturbance. Exposure
rate may also vary if the entire population changes the use of
its range in response to variability of the biotic and abiotic
environment (Schofield et al., 2010). We thus need to

Animal Conservation •• (2014) ••–•• © 2014 The Zoological Society of London

1

Introduction

Variability in wildlife exposure to disturbance

understand how exposure rates evolve in time and space,
both for the overall population and between different individuals. Such information would support tailored management plans to minimize the risk that cumulative exposure to
disturbances will affect the conservation status of animal
populations while preventing over-precautious regulation.
The idea of a spatially explicit analysis of exposure has been
widely implemented in the management of chemical contamination (Hope, 2000; Linkov et al., 2002; Crocker, 2005;
Wickwire et al., 2011), but there are relatively few examples
addressing other anthropogenic stressors (Williams &
O’Hara, 2010; Bauduin et al., 2013; Redfern et al., 2013;
Vaes & Druon, 2013), and none of them carries out the
analysis at an individual level. Many studies have now
shown that boat traffic can affect the activity budget of
exposed marine mammals, through both the noise introduced in the environment (e.g. Aguilar Soto et al., 2006) and
the physical interactions between the vessels and the animals
(e.g. Lusseau, 2003). Because of its heterogeneous distribution in space, it offers a useful test-bed to develop analytical
tools to quantify spatio-temporal variability in individual
exposure rates.
Capture–recapture techniques can be used to monitor
individual animals in a population over time. Spatially
explicit capture–recapture models have been developed to
combine individual capture histories with spatial information of where captures have occurred (Borchers & Efford,
2008; Royle et al., 2009a,b). This approach generates robust
density estimates by accounting for the varying probability
of capturing an individual depending on its distance from
the sampling unit. Each individual in the population is
assumed to have an activity centre where it shows the
maximum probability of being encountered. Encounter
probability declines with distance from the centre following
a specified detection function (Efford, 2004). As a result,
these methods can be used to estimate the probability of
observing each animal across the study area which, effectively, provides information on how individuals use space.
Therefore, this novel application of spatially explicit
capture–recapture techniques offers a means to investigate
individual-level processes and characterize the home ranges
of specific animals. The overlap between the estimate of an
individual’s range and the predictions of the spatial and
temporal distribution of a stressor can then be used to
describe the exposure of that individual to the stressor.
Although management tends to address the status of targeted populations, the performance of individuals has relevant consequences on population dynamics (Coulson
et al., 2006), especially in small populations of long-lived
species (Vindenes, Engen & Saether, 2008). It is therefore
critical to characterize individual heterogeneity and understand how this is integrated at a population level.
In this study, we focus on the coastal population of bottlenose dolphins, Tursiops truncatus, (hereafter ‘dolphins’ or
‘bottlenose dolphins’) that uses the Moray Firth (Scotland)
(Cheney et al., 2013). This is a Special Area of Conservation
(SAC) for the species under the European Habitats Directive (92/43/EEC) and supports a mix of traditional and
2
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emerging marine industries (Thompson et al., 2010). These
industries require adequate management to address the
European mandate of maintaining a ‘favourable conservation status’ for the population. We use a spatially explicit
capture–recapture framework to estimate the probability of
observing each individual dolphin across the study area
based on a long-term photo-identification dataset. We then
quantify dolphin exposure to disturbance from boat traffic
and its heterogeneity in time, in space and across
individuals.

Materials and methods
Data collection
Regular boat surveys were conducted between May and
September 2006–2011 as part of the long-term bottlenose
dolphin SAC monitoring programme (Cheney et al., 2013)
(Table 1). Photo-identification was carried out on the
encountered dolphins following the methods described in
Cheney et al. (2013) and Cheney et al. (2012). For the
purpose of this study, we only considered well-marked individuals with nicks in their dorsal fins. Moreover, in order to
standardize the area covered within each year, we excluded
some exploratory trips made in 3 years outside the usual
study area (Supporting Information Fig. S1).

Boat model
We used an existing model for the spatial and temporal
distribution of boat traffic in the Moray Firth (Lusseau
et al., 2011; New et al., 2013). The model builds on several
sources of data (land-based observations, GPS tracks, large
vessels’ AIS data and boat deployment rates from the harbours around the Firth) and predicts the behaviour of different types of boats departing from specific ports, as well as
simulating commercial traffic routes from the North Sea.
Layers of various types of vessel activity are then combined
to generate aggregate boat densities across the area. This is
expressed as the number of vessel-hours per day over a year
that boats occupy each 1 km by 1 km cell of a grid overlaid
to the study area. While accounting for seasonal variability
in boat traffic, the model does not include inter-annual
changes. For more details about the boat model, the reader
should refer to Lusseau et al. (2011) and New et al. (2013).
Table 1 Summary of the photo-identification surveys by year, number
of marked individuals identified and number of independent spatial
captures per individual (mean and range)
Year

No. of
surveys

No. of marked
individuals identified

No. of spatial
captures per individual

2006
2007
2008
2009
2010
2011

33
27
27
35
25
21

45
46
33
52
60
55

5
7
7
9
8
8

(1–15)
(1–18)
(1–17)
(1–19)
(1–17)
(1–20)

Animal Conservation •• (2014) ••–•• © 2014 The Zoological Society of London

E. Pirotta et al.

Variability in wildlife exposure to disturbance

Figure 1 Map of the study area showing the 1 km by 1 km state-space of activity centres and the 630 cell traps.

We used a Bayesian spatially explicit capture–recapture
approach (Royle et al., 2009b) to model the probability of
observing individual dolphins across the study area based
on the photo-identification data. Although these methods
have been originally developed for the analysis of cameratrap data, the data collected through photo-identification
surveys can be adapted to the framework by gridding the
sampled area and treating each grid cell as a sampling unit
(Thompson, Royle & Garner, 2012).
A grid of 959 1 km by 1 km cells was used as the statespace of potential individual activity centres (Fig. 1). The
grid enclosed the known suitable habitat for bottlenose dolphins in the Moray Firth (i.e. the inner firth and the coastal
areas of the outer firth) (Hastie et al., 2004; Bailey &
Thompson, 2009) and the area consistently covered by boat
surveys across the years. We preliminarily tested a series of
grids with different extents to ensure that this was not affecting the stability of the parameter estimates.
Different years were modelled separately to reduce the
effects of mortality, immigration and emigration, as the
models assume that the population is closed within

the sampling period. Surveys in a given year were treated as
different sampling occasions. Of the 959 cells of the grid, 630
were visited at least once during the boat surveys and represented the potential traps (Fig. 1). If, during a given
survey, the boat visited one of the 630 cell traps, that trap
was considered active during that survey. Information on
where the animals were captured on each sampling occasion
(i.e. in which cell trap they were photo-identified) was used
to build the spatially explicit capture history. We assumed
that the captures were the result of a Bernoulli process, that
is yi,j,k ∼ Bernoulli (pi,j,k) (equation 1), where yi,j,k indicates
whether individual i was photo-identified in cell trap j on
sampling occasion k and is either 0 or 1. pi,j,k is the probability of observing individual i in cell trap j during survey k and
depends on the distance of trap j from the individual’s activity centre cell.
Analyses were carried out using the package SPACECAP
(Gopalaswamy et al., 2012) available for R v. 2.14.1 (R
Development Core Team, 2013). The open-access code was
customized to address some specific features of the data
(Supporting Information Appendix S1).
(1) Because the study area is an estuarine embayment with
promontories and bays, we did not use Euclidean distance
to calculate distances. Instead, a matrix of at-sea distances
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(in km) between the centroids of the grid cells was calculated. This modification also required us to recalculate the
neighbourhood for every cell, that is the cells within a distance of 5 km. This information is used by SPACECAP to
select suitable candidate activity centres at each Monte
Carlo Markov chain (MCMC) iteration.
(2) During each survey, the research vessel spent a variable
amount of time in each cell trap, depending on travel speed.
The amount of time spent in each trap looking for the
animals affects encounter rate. Therefore, we altered the
SPACECAP code to account for the influence of survey
effort on capture probabilities during each sampling occasion. Effort in minutes was included in the model as in
Thompson et al. (2012) and Russell et al. (2012). Under this
approach, effort is treated as a covariate having a multiplicative effect on the basal encounter rate. An additional
parameter is used to describe the shape of this relationship,
which we called a2 for consistency with the cited paper.
The probability of observing individual i in cell trap j
on sampling occasion k (pi,j,k) was therefore modelled
as cloglog(pi,j,k) = log(λ0) – (1/σ2) × di,j2 + a2 × log(effortj,k)
(equation 2), where λ0 is the basal encounter rate, σ is the
standard deviation of the half-normal detection function, di,j
is the distance between the activity centre of individual i
from trap j and effortj,k represents the number of minutes
spent in trap j during occasion k.
SPACECAP uses the method of data augmentation to
estimate population size N (Royle et al., 2009b). N has a
discrete uniform prior U(0,M), where M is the number of
pseudo-individuals. M includes the n observed individuals
and the A augmented individuals, which is the maximum
number of marked individuals with all-zero capture histories, that is not captured on any occasion (Royle et al.,
2009b). For all models, we used an initial A of 150, which
was chosen to be large enough to avoid posterior truncation
(Royle et al., 2009b). The MCMC were run for 150 000
iterations, with an initial burn-in of 10 000 iterations and a
thinning rate of 10. Convergence was assessed using trace
plots, autocorrelation plots and Geweke’s diagnostic provided by SPACECAP (Royle, Kéry & Guélat, 2011). When
the absolute value of this diagnostic for any parameter of
the model was greater than 1.6, we progressively increased
the burn-in, until Geweke’s diagnostic was below 1.6 for all
parameters. The Bayesian P-value, which measures the discrepancy between observed data and expected values, was
used as a measure of the goodness-of-fit of the model to the
data (Gelman, Meng & Stern, 1996; Royle et al., 2011). This
statistic varies between 0 and 1, and a value close to either
extreme indicates a poor fit. Finally, we modified the code to
retain the estimated individuals’ activity centres at each
iteration.

Exposure rates
We used the parameter estimates at each retained iteration
(i.e. excluding the burn-in period) in equation 2 to calculate
the probability of observing each individual in every cell of
the state-space, given a unit of effort (1 minute). The cell
4
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median of these probabilities across iterations gave us an
estimate of the individuals’ home ranges. The boat model
predicted the number of minutes boats were present in cell j
in day d (mj,d). Therefore, the expected number of minutes
that dolphin i spent in the presence of boats in cell j, day d
and year y could be calculated as: ti,j,d,y = mj,d × pi,j,y (equation 3), where pi,j,y was the estimated probability of observing dolphin i in cell j on year y, given 1 minute of effort. This
assumed that both boats and dolphins showed similar daily
patterns of use at each site, for example boats did not occur
in a given cell at specific hours of the day when dolphins
were consistently not using that cell. Because our data only
covered the summer season, we only considered boat exposure between the 1st of May and the 1st of October.
We derived the median individual exposure in each
sampled summer. We then assessed the distribution of the
exposure in space, that is how exposure varied between
different grid cells. The overall variability in exposure
between individuals within each summer was evaluated
using histograms. Finally, for a subset of individuals that
were encountered in at least five summers out of the six
analysed, we investigated whether they tended to be consistently over- or underexposed, and how these individual differences contributed to explain the variation in exposure in
comparison with differences among years. To do so, we ran
a mixed-effects model with year as a categorical fixed effect
and individual ID as a random effect and carried out model
selection using the Akaike Information Criterion (AIC).
The analysis was carried out using the library lme4 (Bates,
Maechler & Bolker, 2012) in R.

Results
An average of 28 trips was carried out each year. On
average, 50 marked individuals were encountered per year,
each sighted on seven different occasions (Table 1). Trace
plots and Geweke’s diagnostics suggested that the spatially
explicit capture–recapture models converged after a variable
number of burn-in iterations (Table 2). Autocorrelation
plots were used to decide whether additional thinning of the
chains was required. The 2006 and 2010 were the years with
the least satisfactory goodness-of-fit, as suggested by the
Bayesian P-value. We found variability across years both in
σ (which can be interpreted as a measure of the amount of
movement of each individual around its activity centre)
and the basal encounter rate λ0 (Table 3). The estimates
of a2 were close to 1, suggesting that effort increased the
Table 2 Goodness-of-fit and number of iterations to convergence for
the yearly models
Year

Bayesian P-value

No. of burn-in iterations

2006
2007
2008
2009
2010
2011

0.84
0.55
0.59
0.73
0.77
0.68

35 000
25 000
25 000
10 000
25 000
30 000
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Table 3 Parameter estimates and uncertainty for the yearly models.
λ0 is the basal encounter rate, σ is the standard deviation of the
half-normal detection function, N is the number of marked individuals
in the population and a2 is the parameter describing the effect of
effort. The 95% HPD is the Bayesian highest posterior density (HPD)
interval, that is the shortest interval enclosing 95% of the posterior
distribution
Year

Parameter

Median

95% HPD

2006

σ
λ0
N
a2
σ
λ0
N
a2
σ
λ0
N
a2
σ
λ0
N
a2
σ
λ0
N
a2
σ
λ0
N
a2

2.31
0.0018
66
1.09
2.23
0.0102
78
0.51
4.67
0.0051
37
0.84
8.24
0.0021
52
1.01
4.24
0.0039
63
0.93
4.75
0.0037
58
0.95

1.79–2.98
0.0012–0.0024
54–80
0.94–1.23
1.89–2.65
0.0078–0.0130
63–95
0.37–0.65
3.78–5.80
0.0038–0.0069
34–42
0.69–0.99
7.18–9.35
0.0017–0.0025
52–53
0.90–1.12
3.77–4.78
0.0031–0.0048
60–66
0.83–1.04
4.05–5.60
0.0029–0.0045
55–62
0.86–1.07

2007

2008

2009

2010

2011

Figure 2 Estimated probability of encountering specific individuals
across the study area in 2010.

Mixed-effect analysis on the 34 individuals encountered
in at least 5 years showed that the model with year as a fixed
effect and individual ID as a random effect was better
(AIC = 3122) than both the model only including year
(AIC = 3223) and the model only including individual
ID (AIC = 3895). Year explained 96% of the variance and
individual ID 1.5%, suggesting that while the differences
between years drove the variability in exposure (e.g. Supporting Information Fig. S3), there was some individual
consistency over time. The dot plot for the random effects
shows that some individuals were consistently over- or
underexposed (Fig. 7). Exposure in 2006 was considerably
lower than in subsequent years. When we removed 2006 and
re-ran the models using data from 2007–2011, year
explained 92% of the variability and individual ID 2.7%.

encounter rate in an approximately linear way, although in
2007 and 2008, this relationship was plateauing for greater
effort (i.e. a2 < 1) (Supporting Information Fig. S2).
The analysis of the individuals’ distributions in a given
summer showed that there was variability in the way different animals used the area (e.g. Fig. 2). Moreover, individuals also had a variable distribution across different summers
(e.g. Fig. 3). The variability in the basal encounter rate
between summers (Table 3) resulted in a widely variable
exposure to boat traffic (Fig. 4). Nevertheless, the relative
spatial distribution of such exposure was stable across
summers (Fig. 5), concentrating in the inner Moray Firth
and around harbours.
Plotting the within-summer variability in exposure highlighted marked inter-individual differences in exposure rate
(Fig. 6). There were also differences in the distribution of
such exposure between different years. In the summers
2008–2011, most individuals were exposed to higher levels
of boat interactions, with a few relatively underexposed
individuals (Fig. 6). In 2007, individual exposure was more
evenly spread across the exposure range, whereas in 2006,
most individuals showed an intermediate exposure rate. The
inter-quartile range of individual exposures was particularly
wide in 2007 but did not show any relevant trend in the
other years (Fig. 4).

Our study outlines a framework to model exposure rates of
individual animals to an anthropogenic stressor and to characterize how this exposure varies in space and time. A
similar approach is used in ecological risk assessments for
chemical contamination to understand the degree of overlap
between the contaminant and the population under threat
(Hope, 2000; Linkov et al., 2002; Wickwire et al., 2011).
Exposure of marine mammals to ship-strike risk has also
been previously quantified using spatially explicit models
(Vanderlaan et al., 2008; Williams & O’Hara, 2010;
Bauduin et al., 2013; Redfern et al., 2013; Vaes & Druon,
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Figure 3 Estimated probability of encountering individual 001 in each analysed summer.

The variability in exposure was mainly attributable to yearly
variations in the basal encounter rate, that is the probability
of encountering any specific dolphin in the area. Such large
yearly variability could be associated with fluctuations of
the environment that the animals inhabit. For instance,

the availability of food resources in different parts of the
animals’ range would imply that the relative usage of the
various subareas changes over time (Lusseau et al., 2004;
Wilson et al., 2004). Animals might roam more in some
years, for example when more limited resources are available in the Moray Firth. This factor is known to affect other
characteristics of the population’s behavioural ecology
(Lusseau et al., 2004) and would result in spending less time
in the study area and being captured with a lower probability. Alternatively, yearly variations could reflect changes in
the social and spatial arrangements of the population. There
are some individuals that are known to concentrate their
activity in other areas along the east coast of Scotland
(Wilson et al., 2004; Lusseau et al., 2006; Cheney et al.,
2013), but in some summers they could be visiting the
Moray Firth more often. If in these instances they are
encountered and photo-identified, this would reduce the
estimate of the basal encounter rate λ0 and increase the
estimate of σ. The models could be further developed to
address the existence of different social groups in the population by allowing for heterogeneity in λ0 and σ. Although
the modelling approach we used assumed that capture

6
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2013), but these studies did not consider the variability in
habitat use between specific individuals.
Here, we used spatially explicit capture–recapture techniques to model individual home ranges and estimate the
probability of observing each individual across the area of
interest (Borchers & Efford, 2008; Royle et al., 2009b). We
then combined the results with a separate model for boat
traffic to account for the heterogeneous distribution of this
human activity (Halpern et al., 2008; Lusseau et al., 2011).
This analytical approach could be extended to other situations where individuals can be recognized over subsequent
capture occasions and where spatial information is available
on the capture locations and on the distribution of the
anthropogenic stressors.

Variability in exposure rates
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Figure 4 Variability in the median estimated individual exposure to
boat traffic across years. The vertical lines represent the inter-quartile
range.

Variability in wildlife exposure to disturbance

probability was constant across individuals, allowing for
heterogeneity either between groups or single dolphins
would improve its biological realism. Moreover, a spatially
explicit version of the Jolly-Seber model (Pollock et al.,
1990) could be implemented to avoid running separate
yearly models. However, these adjustments would require a
larger dataset with many recaptures for each individual to
estimate the greater number of parameters.
Despite the large variability in absolute values of exposure, the relative pressure of boat traffic in different regions
of the Firth remained more stable. Although this was partly
driven by the use of a single map for boat traffic distribution
in the area for the whole study period, the dolphins’ distribution also influenced the distribution of the exposure risk.
From our results, it is thus possible to identify specific cells
or areas where the probability and magnitude of the interactions between dolphins and boats are greater. As we estimated the exposure to a source of disturbance that has been
operating in the area for decades, dolphins’ distribution
could have already been responding to this stressor. The
space use that we observe might have evolved through time
to minimize the interactions with regular (and hence predictable) boat traffic (Rako et al., 2013). Similarly, dolphins
may have responded to these stressors by avoiding periods
of the day or tidal cycle with peak boat traffic. Furthermore,
our work focused on the summer months, when dolphins

Figure 5 Distribution of dolphin exposure to boat traffic across the study area. Exposure is the median estimated number of minutes spent by
one dolphin in the presence of boats in each grid cell.
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Figure 6 Variability of median individual exposure in each sampled year.

abundance in the area is highest (Wilson, Thompson &
Hammond, 1997), but it would be valuable to extend this
approach to other periods of the year, or other parts of the
population’s range where it is not currently possible to
assess exposure to boat traffic.
Within years, individual animals showed marked differences in space usage, both in terms of the location of their
activity centre within the Moray Firth, and of the realized
space usage around such centre. Although the model
assumed that capture probability was constant across individuals, this variation in space usage could arise from the
procedure we followed to estimate an individual’s home
range. By calculating the probability of observing a specific
dolphin across the grid cells at each iteration, we incorporated the uncertainty associated with the position of the
activity centre. Therefore, an individual whose activity
centre was less defined had a more diffuse home range than
another for which the activity centre was consistently estimated in a specific grid cell (e.g. Supporting Information
Fig. S4). The uncertainty on the position of the activity
centre could depend on both the number of times an individual was encountered within a year and the individuals’
natural differences in the use of their home range. A different use of space then resulted in a variable exposure to boat
traffic. This should not be ignored when planning management, especially for long-lived marine top predators
showing complex interactions with their environment and
8

social structures (Natoli et al., 2005; Mattisson et al., 2013).
The differential habitat use appeared to be partially consistent across time, suggesting that some individuals might be
chronically exposed to more traffic than others, although
this variability was small compared with the year-to-year
changes. Consistently overexposed individuals belonged to
the social unit that was found to use the inner Moray Firth
during earlier studies, whereas underexposed individuals
ranged over a wider area including the outer part of the firth
(Fig. 7) (Lusseau et al., 2006). In future, the survival and
reproductive performance of individual dolphins could be
compared with their relative exposure to traffic, thereby
informing efforts to predict the consequences of this human
activity at a population level (New et al., 2013).

Conservation implications
Boat traffic (both commercial and recreational) is increasing
worldwide (Hildebrand, 2009). This raises concern for the
potential effects on marine mammal populations, deriving
from both the noise introduced in the environment (e.g.
Aguilar Soto et al., 2006) and the physical interactions
between animals and vessels (e.g. Lusseau, 2003). Any longterm consequence of this disturbance on the exposed populations will be mediated by the repeated disruption of the
activity patterns of individual animals (New et al., 2013).
European conservation legislation now requires regulators
Animal Conservation •• (2014) ••–•• © 2014 The Zoological Society of London
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Figure 7 Dot plot for the random effects in
the model for the exposure of the 34 individuals that were encountered in at least 5
years.

and its resulting importance for the animals could be
changing over time. As a result, animals’ tolerance of boat
disturbance is also expected to vary (Beale & Monaghan,
2004), and in some years, the risk from boat traffic in the
Moray Firth could be lower. Such fluctuations complicate
the management of any anthropogenic impact on the
animals. For example, the existing SAC, which protects a
part of the animals’ overall range, does not account for the
detected variability in occurrence and exposure. Patterns of
exposure in other parts of the range need to be quantified for
a complete understanding of the effects on the individuals,
and a more flexible management scheme could then be
developed. However, we identified where boats and dolphins are most likely to overlap within the existing marine
protected area, which can focus management efforts on
localized regions with higher risk (Cañadas et al., 2005).
Despite the absolute yearly differences, the stability of the
relative spatial risk across years further reinforces a longterm management strategy.

to estimate the cumulative exposure of individuals to such
stressors in order to infer the population consequences of
these disturbances (Cooper & Sheate, 2002). Our results
highlight the importance of analytical approaches that incorporate individual heterogeneity in behaviour and habitat use
in this process. For example, if a vulnerable class in the
population tended to have higher exposure rates (e.g. juveniles, or mothers with calves), ignoring differences between
individuals would lead to underestimating any potential consequences. We also show that animals that primarily use the
inner portion of the Moray Firth were consistently more
exposed to traffic, indicating that spatial differences could
affect the individuals’ requirements for conservation.
Characterizing individual differences in exposure and,
consequently, performance provides a basis to assess the
contribution of individuals to the population’s demographic
rates (Coulson et al., 2006) and how this varies as the intensity and distribution of a stressor evolves in time. Moreover,
by providing a framework to quantify individual heterogeneity in exposure to risk, our approach could be applied to
other ecological questions. For example, it could be used to
evaluate the behaviourally mediated effects of spatially heterogeneous predation risk (Laundré, Hernández &
Altendorf, 2001; Wirsing et al., 2008) and the cascade of
responses that such risk could cause at a community level
(Schmitz, Beckerman & O’Brien, 1997).
We found marked yearly variation in the basal probability of encounter, suggesting that the quality of the study area

Given the increasing range of human activities targeting the
marine environment (Halpern et al., 2008), robust quantitative tools are necessary to evaluate any effect on animal
populations. Spatially explicit agent-based models for the
interactions between such activities and animals require information on where and when these interactions are more likely
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to occur (Anwar et al., 2007; McLane et al., 2011; New et al.,
2013). Our study provides a useful framework to inform these
models while accounting for individual heterogeneity.
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