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Summary

1. Understanding which environmental factors drive foraging preferences is critical for the

development of effective management measures, but resource use patterns may emerge from

processes that occur at different spatial and temporal scales. Direct observations of foraging

are also especially challenging in marine predators, but passive acoustic techniques provide

opportunities to study the behaviour of echolocating species over a range of scales.

2. We used an extensive passive acoustic data set to investigate the distribution and temporal

dynamics of foraging in bottlenose dolphins using the Moray Firth (Scotland, UK). Echoloca-

tion buzzes were identified with a mixture model of detected echolocation inter-click intervals

and used as a proxy of foraging activity. A robust modelling approach accounting for autocor-

relation in the data was then used to evaluate which environmental factors were associated

with the observed dynamics at two different spatial and temporal scales.

3. At a broad scale, foraging varied seasonally and was also affected by seabed slope and

shelf-sea fronts. At a finer scale, we identified variation in seasonal use and local interactions

with tidal processes. Foraging was best predicted at a daily scale, accounting for site specificity

in the shape of the estimated relationships.

4. This study demonstrates how passive acoustic data can be used to understand foraging ecol-

ogy in echolocating species and provides a robust analytical procedure for describing spatio-

temporal patterns. Associations between foraging and environmental characteristics varied

according to spatial and temporal scale, highlighting the need for a multi-scale approach. Our

results indicate that dolphins respond to coarser scale temporal dynamics, but have a detailed

understanding of finer-scale spatial distribution of resources.

Key-words: echolocation, feeding buzz, GEEs, habitat preference, modelling, multi-scale,

PODs, Tursiops

Introduction

The environment in which animals move is often heteroge-

neous, and resources are patchily distributed (Fauchald

1999). Foraging activity is therefore expected to be concen-

trated in specific areas or times, where individuals can max-

imize their energy intake (Sydeman et al. 2006; Anderson

et al. 2010). Knowing where and when animals preferen-

tially forage and which environmental factors drive these

preferences can improve our understanding of processes

that affect habitat use and movements (Guisan & Zimmer-

mann 2000; Redfern et al. 2006), informing conservation

and management efforts (Markowitz et al. 2004; Bailey &

Thompson 2009).

Disruption of behaviour by human activities can have

consequences at a population level (New et al. 2013). Dis-

rupted activities (Duchesne, Côt�e & Barrette 2000; Lusseau

2003) may jeopardize energy balance and the health of the

individuals involved, potentially mediating changes in pop-

ulation dynamics through effects on vital rates (Kight &

Swaddle 2007; New et al. 2013). Effective policy and con-

servation measures are required to manage sublethal

effects of disturbance, particularly during vulnerable life
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stages (New et al. 2013), such as energy acquisition

through foraging (Lusseau 2003).

There is often uncertainty about the scale at which envi-

ronmental features may be associated with the occurrence

of foraging activity, both in space and time (Pinaud &

Weimerskirch 2007; Bailleul et al. 2008). Animals’ percep-

tion of their dynamic environment is largely unknown, and

prey are likely to be distributed in hierarchical patches

(Fauchald 1999; Redfern et al. 2006). Studying foraging

distribution at the wrong resolution can lead to unreliable

predictions (Doniol-Valcroze et al. 2007), to the underesti-

mation or overestimation of the quantified relationships

with the environment (Johnson et al. 2002; Ciarniello et al.

2007) and inappropriate protection measures (Yorio 2009).

A multi-scale approach is generally preferable to avoid

such problems (Levin 1992; Mehlum et al. 1999; de Knegt

et al. 2011).

Observing predator foraging activity is challenging, par-

ticularly in wide-ranging marine predators (Redfern et al.

2006). It can be even more difficult to evaluate the distri-

bution of prey resources (Torres, Read & Halpin 2008).

To overcome this, it is generally assumed that areas of

greatest usage by predators reflect higher quality habitat

(Bestley et al. 2008; Bailey & Thompson 2010). Telemetry

devices directly sample the underwater behaviour of

marine species, providing an indication of foraging activity

(e.g. Jonsen, Flemming & Myers 2005) and feeding success

(e.g. Bestley et al. 2008), but their deployment is limited by

cost, logistics and ethical issues. Passive acoustic tech-

niques offer effective alternatives for sampling the behav-

iour of highly vocal species such as odontocetes (Van

Parijs et al. 2009; Marques et al. 2013).

The present study focuses on a small isolated population

of approximately 195 (95% density interval: 162–253) bot-

tlenose dolphins (Tursiops truncatus), which ranges over

the eastern coast of Scotland (Cheney et al. 2013). Most

individuals spend at least part of their lives in the inner

Moray Firth (Fig. 1), which was designated as a Special

Area of Conservation (SAC), under the European Habitats

Directive (92/43/EEC). The Moray Firth also supports a

complex mix of traditional and emerging marine indus-

tries, many of which have the potential to cause distur-

bance to foraging dolphins (e.g. Bailey et al. 2010b).

Previous visual studies in this area indicate that these dol-

phins forage in discrete patches in their habitat (Hastie

et al. 2004) and, at least in some of these patches, seem to

use tidal fronts to aid in prey capture (Bailey & Thompson

2010).

Fig. 1. Map of the study area and locations of the POD deployments. The four main sampling sites are circled. Contains Ordnance Survey

data © Crown copyright and database right 2011.
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Here, we use a long-term data set from passive acoustic

monitoring devices deployed across the Moray Firth to

infer patterns of foraging activity in time and space, and

to determine scale dependency in dolphin responses to the

environment.

Materials and methods

INFERRING FORAGING ACT IV ITY IN ECHOLOCAT ING

SPEC IES

Autonomous acoustic data loggers have been increasingly used

over the past decade to monitor odontocete occurrence from

detections of echolocation clicks (e.g. Carlstr€om 2005; Philpott

et al. 2007; Bailey et al. 2010a; Leeney, Carslake & Elwen 2011).

Richardson et al. (1995) categorized bouts of echolocation clicks

(or click trains) into two general types: (i) regular orientation

clicks with longer inter-click intervals (i.e. the interval between

two consecutive click detections, hereafter ‘ICI’), used to scan the

environment and (ii) discrimination clicks, with shorter and

decreasing ICIs, used to obtain detailed information as they locate

and attempt to capture prey (Thomas, Moss & Vater 2004).

Trains of discrimination clicks (or feeding buzzes) are associated

with foraging in many dolphin, porpoise, beaked whale and bat

species (Miller, Johnson & Tyack 2004; Thomas, Moss & Vater

2004; Carlstr€om 2005; Madsen et al. 2005; Leeney, Carslake & El-

wen 2011). If feeding buzzes can be recognized using their ICI

characteristics, the large data sets available from passive acoustic

monitoring studies could be used to infer patterns of foraging

activity across a range of scales.

DATA COLLECT ION

T-PODs (www.chelonia.co.uk) are autonomous loggers that con-

sist of a hydrophone, an analogue processor and a digital timing/

logging system. The devices scan six programmable channels

sequentially and, with sufficient difference in detection between

two band-pass filters, a click is logged to a resolution of 10 ls. We

used a target frequency of 50 kHz and reference frequency of

70 kHz for all deployments, and only considered click trains that

were classified by version 8.24 of the dedicated T-POD analysis

software as having a high likelihood of being produced by a ceta-

cean (‘Cet-Hi’and ‘Cet-Lo’). Further details can be found in Bailey

et al. 2010a.

C-PODs (Chelonia Ltd., Mousehole, Cornwall, UK) are the

digital successor of the T-POD and use digital waveform charac-

terization to detect cetacean echolocation clicks. In addition to

logging the time of detection, other click features are also recorded

and used by the click-train classifier (within version 2.030 of the

dedicated C-POD analysis software; Chelonia Ltd, Mousehole,

Cornwall, UK) to identify clicks. Clicks were classified on the like-

lihood of them being generated by cetaceans (‘CetHi’, ‘CetMod’,

‘CetLow’). Further details can be found in Brookes, Bailey &

Thompson (In press).

Between 2005 and 2012, PODs were deployed at over 90 loca-

tions within the Moray Firth. Location, duration and type of

deployment varied according to the objectives of other studies,

but data collection covered most of the SAC by 2009. It is cur-

rently impossible to distinguish different delphinid species using

either T-PODs or C-PODS. We therefore only considered data

from 43 locations within the bottlenose dolphins’ core range

(Fig. 1), where encounters with other delphinids are rare (Reid,

Evans & Northridge 2003). The final data set included more than

20 000 days of passive acoustic data (Table 1).

DATA PROCESS

For T-POD data, only Cet-Hi or Cet-Lo trains were used in the

analysis, as previous work confirmed that these most closely

matched visual sightings (Philpott et al. 2007; Bailey et al. 2010a).

As no similar assessment exists for C-PODs, a conservative

approach was taken and only CetHi and CetMod clicks were

included in analyses. The time series of cetacean clicks was

exported, and the ICI was then calculated for every logged click.

ICIs ranged from 20 ls to > 10 min. These data were multimodal,

suggesting that several processes, potentially reflecting different

biological functions, could be identified in the ICI time series. Spe-

cifically, ICIs could be qualitatively categorized as belonging to one

of three groups with distinct peaks. The first peak (hereafter ‘buzz

ICIs’) was similar to ICIs associated with foraging in previous stud-

ies (Carlstr€om 2005; Madsen et al. 2005). The second peak (hereaf-

ter ‘regular ICIs’) corresponded to the expected ICI for regular

click trains (Au 1993). The third peak (hereafter ‘long ICIs’) was

assumed to correspond to pauses between different click trains.

Previous studies have used an ICI threshold of 10 ms to classify

feeding buzzes (Carlstr€om 2005; Leeney, Carslake & Elwen 2011).

Here, we fitted Gaussian mixture models to the time series of ICIs

to characterize the mixture distribution and assign each ICI to one

of the observed processes. Because of the large size of the C-POD

data set (Table 1), the analysis was conducted on 12 separate sub-

sets of data, each containing approximately 106 ICIs. The T-POD

data set could be analysed altogether. Data were normalized by

natural log-transforming the ICIs. The package mixtools within

the statistical software R (R Development Core Team 2012) was

then used to fit the models via an expectation maximization (EM)

algorithm. We specified the number of component distributions k

Table 1. Summary of POD deployment information for the data that were used in the present study

Year

No. of

sites

sampled

T-POD C-POD

No. of

deployments

Mean duration

of deployment (days) No. of deployments

Mean duration of

deployment (days)

2005 2 7 51 0 –
2006 6 21 69 0 –
2007 7 31 64 0 –
2008 11 32 84 7 37

2009 39 54 51 53 72

2010 23 4 80 35 79

2011 20 0 – 31 111

2012 4 0 – 4 93
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to be equal to three. At times, when the proportion of buzz ICIs

to regular ICIs was low, the model would estimate two of the

components within the regular ICI range. On these occasions, we

investigated whether specifying four components identified a dis-

tribution centred on the buzz ICIs and used the Akaike informa-

tion criterion (AIC) to compare models with three or four

components. The results of the mixture models were then used to

classify each detected ICI as belonging to one of the three

processes.

Data were summarized by hour. For each hour, at each loca-

tion, we noted whether any ICI and any buzz ICI were detected.

As our aim was to explore buzzing activity, we considered only

those hourly records where at least one ICI had been detected.

Year, Julian date and hour of the record, the POD type (T- or C-)

and location were also retained for each hourly record.

ENV IRONMENTAL DATA

Environmental covariates were extracted for each POD location.

Depth was extracted from Marine Digimap, at a resolution of

500 m (SeaZone Hydrospatial Bathymetry). Slope was computed

using the library SDMTools in R. Hourly tidal level, speed and

direction were obtained using POLPRED (NERC National

Oceanography Centre, Liverpool, UK). Sea surface temperature

(SST) was taken from NASA’s AVHRR Pathfinder data set, and

surface chlorophyll-a (Chl-a) from the MODIS sensor on the

NASA’s Aqua satellite. These remote sensing data were provided

as weekly composite maps (1 km resolution) by NERC Earth

Observation Data Acquisition and Analysis Service (NEODAAS,

Plymouth, UK), and variability in weekly SST and Chl-a was

computed using the library SDMTools. Composite ocean front

maps from AVHRR SST data were also provided by NEODAAS

and processed to obtain measures of the density of fronts in each

1-km cell (front density), the distance to the nearest front (frontal

distance), and whether a cell was on the low- or high-value side of

the closest major front (front side) (Miller 2009). Finally, we esti-

mated the strength of tidal mixing for each hourly record using

the formula log10(H/U3), where H is the depth and U is the speed

of the tidal current (Simpson & Hunter 1974).

MODELL ING APPROACH

We modelled the presence/absence of buzz ICIs in each hourly

record where at least one ICI was detected using binary general-

ized additive models (GAM; Wood 2006). An autocorrelation

function (ACF) plot was used to visualize the level of autocorrela-

tion in the GAM residuals, and generalized estimating equations

(GEEs; Liang & Zeger 1986) were then used to explicitly model

this observed autocorrelation (see also Dormann et al. 2007;

Pirotta et al. 2011; Bailey et al. 2013). Under this approach, data

points are classified into blocks, and a correlation structure for the

residuals is specified within block (Liang & Zeger 1986). We used

each day of deployment as the blocking variable, and the quasi-

likelihood under the model independence criterion (QIC; Pan

2001) to select between competing correlation structures. We

checked multicollinearity between explanatory variables using the

generalized variance inflation factor (GVIF). Models were fitted

using the library geepack in R, together with the library splines to

extend the GEE-generalized linear models to GEE-GAMs. An

approximated version of the QIC, known as the QICu (Pan 2001),

was used for model selection. We used the QICu to compare dif-

ferent forms in which an explanatory variable could be included in

the model. Specifically, we tested each predictor as a linear term,

as a B-spline with four degrees of freedom (hereafter ‘d.f.’) with

one internal knot positioned at the average value of that variable

and as a B-spline with 5 d.f. and two knots at the quartiles. Cyclic

splines are currently not available in the library splines, so the use

of GEEs to correct for autocorrelation was prioritized, and B-

splines were used for circular covariates (Julian date, hour and

tide direction).

Environmental data were not available for every data point, for

example due to cloud cover in remote sensing data and because

POLPRED cannot predict tidal information at locations close to

the coast. Therefore, we initially ran a series of five submodels to

explore how the occurrence of buzz ICIs varied in relation to dif-

ferent classes of covariates, each fitted to different subsets of data.

These were (i) temporal covariates (year, Julian date and hour of

the day); (ii) bathymetric covariates (depth and slope); (iii) tidal

covariates (tidal speed, level and direction); (iv) remotely sensed

covariates (SST, Chl-a, SST slope, Chl-a slope); (v) remotely

sensed frontal metrics (front density, front distance and front

side). We also always included a categorical variable POD type, as

we expected T-PODs to be less efficient at detecting clicks than C-

PODs. Model selection was carried out on the submodels, and the

best form for each covariate was identified. These results were

then combined into an overall model, which was fitted to the sub-

set of the data with no missing values for the retained predictors.

In the final model, we also included latitude and longitude (to

account for any spatial pattern not represented by the available

covariates) and the tidal mixing parameter. Once the final model

was selected using QICu, repeated Wald’s tests were used to assess

the significance of the retained covariates (Hardin & Hilbe 2003).

No variable was excluded on the basis of its significance, but only

significant relationships were plotted.

Goodness-of-fit of the final model was evaluated using a confu-

sion matrix that compared predicted and observed occurrences of

buzz ICIs, expressed as the proportion of true and false presences

and absences. The probability cut-off for predicting the presence

of a buzz was selected using a receiver operating characteristic

(ROC) curve (Zweig & Campbell 1993), and the area under the

ROC curve (AUC) provided a measure of model performance

(Zweig & Campbell 1993). We also conducted the goodness-of-fit

test for binary GEEs proposed by Horton et al. (1999). We tested

the final model using cross-validation, repeatedly fitting the model

100 times to a randomly selected half of the data set (the training

set) and predicting the response in the other half (the validation

set). Finally, 33 confirmed predation events were used as an inde-

pendent validation data set to assess the predictive capabilities of

the model. These visual observations of fish captures were

recorded during visual boat based surveys in the inner Moray

Firth. Given the values of the covariates in those specific locations

and times, the final model was used to predict the associated prob-

ability of buzzing activity and the ROC cut-off probability to

classify them as either presences or absences.

S ITE SPEC IF IC ITY IN FORAGING FEATURES

The factors affecting buzzing activity may vary in space. For

example, tidal processes might be associated with foraging only in

some locations (Bailey & Thompson 2010). Therefore, we investi-

gated whether the relationships between the occurrence of buzz

ICIs and environmental covariates varied between the four loca-

tions that were sampled almost continuously between 2005 and

2012 (Chanonry Point, Sutors, Lossiemouth and Spey Bay;

Fig. 1). The fitted model included the interactions between loca-

tion and the temporal variables (year, Julian date and hour of the

day), and interactions between location and tidal covariates

(speed, level and direction). We used the same model selection

procedure described previously to identify the best form of the

relationships and most parsimonious subset of predictors. A sepa-

rate model was fitted to assess the local relevance of the tidal mix-

ing parameter, as this was collinear with tidal speed.

© 2013 The Authors. Functional Ecology © 2013 British Ecological Society, Functional Ecology
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TEMPORAL SCALE OF FORAGING ACT IV IT IES

The temporal scale of the analysis could also affect the results. To

investigate whether coarser temporal patterns of buzzing activity

were present, the data were summarized by day instead of by

hour. Julian date and year (as proxies of any temporal pattern)

together with POD location (as a proxy of any spatial pattern)

and POD type were tested to determine their relationship with the

daily occurrence of buzzes. GEE-GAMs were used to provide con-

sistency in the analytical approach, and the month of each deploy-

ment was used as the blocking variable. Model selection by QIC

and QICu was repeated, and the fit of the model was evaluated

through the confusion matrix and the AUC value.

Finally, because daily patterns may vary in different locations,

the interactions between the temporal covariates (Julian date and

year) and POD location were investigated at the four main

sampling sites.

Results

Detection data were available almost continuously for four

sites in the Moray Firth, starting in summer 2005 (Sutors

and Lossiemouth) or 2006 (Chanonry Point and Spey Bay)

until the beginning of spring 2012 (see Table S1 in Sup-

porting information). The remaining sites were sampled

discontinuously (see Table S1, Supporting information).

Overall, out of more than 480 000 h of observation, the

data set included 31 948 positive hourly records in which

at least one bottlenose dolphin ICI was detected. Of these,

more than 23 000 were recorded in the four main sites.

In seven of the twelve C-POD files, Gaussian mixture

models with three components led to the identification of

the expected distributions, with peaks at values corre-

sponding to the natural logarithm of the buzz ICI, regu-

lar ICI and long ICI values in minutes (e.g. Fig. 2). In

the remaining five files, two overlapping component distri-

butions were found for the regular ICI peak, because of

the low proportion of buzz ICIs present in the files.

Nevertheless, the models with four components correctly

discriminated this additional distribution (see Fig. S1,

Supporting information) and had lower AICs when com-

pared with the corresponding models with three compo-

nents. The estimated component distributions (see Table

S2, Supporting information) were then used to determine

which ICIs were buzzes. As a result, buzz ICIs were identi-

fied in 14 222 of 31 948 hourly records. The average buzz

ICI was 2 ms (from T-PODs) and 4 ms (from C-PODs).

The discrepancy between the two instruments was

accounted for in the modelling procedure by including

POD type as a covariate.

HOURLY DATA-FULL DATA SET

We ran a full model with all the available explanatory

variables to investigate multicollinearity, but GVIF values

generally remained below 2. The GVIF was > 3 for tide

speed and the tidal mixing parameter, as the calculation of

mixing was based upon tide speed. Therefore, the two vari-

ables were evaluated in separate models. The model residu-

als were temporally autocorrelated, although less than

expected (see Fig. S2, Supporting information).

For each of the five submodels (including temporal,

bathymetric, tidal, oceanographic and front covariates),

we compared the QIC value when it was fitted with an

autocorrelation structure of order 1 (AR1) to the QIC of a

working independence model. In all cases, the difference in

QIC was < 2, indicating that the two versions of each sub-

model were substantially equivalent. This was confirmed

by a qualitative comparison of the estimated model coeffi-

cients, which were virtually unaffected by the correlation

structure chosen. For parsimony, we used a working inde-

pendence model, as recommended when unsure about the

true nature of autocorrelation (Pan 2001).

The QICu model selection procedure retained hour, year

and the Julian date in the temporal submodel, depth and

slope in the bathymetric submodel, tide level, tide speed

and tide direction in the tidal model, SST in the oceano-

graphic model, and front density and frontal distance in

the front model. In all submodels, POD type was also

identified as a relevant predictor. The five submodels were

then combined into an overall model (running on a

reduced data set) that also included latitude and longitude.

Model selection with QICu was carried out on the overall

model and, as a result, longitude, hour, year, depth, SST,

tide level, tide speed and tide direction were excluded. As

tide speed was removed by this second round of model

selection, the tidal mixing parameter was also included,

but this did not reduce the QICu. Finally, despite being

retained by the QICu selection, frontal distance (P = 0�14)
was not significant under the Wald’s test. Conversely,

POD type, latitude, Julian date, slope and front density

were all significantly associated with the occurrence of

buzzes (Fig. 3). The probability of buzz occurrence was

lower in winter (January–April), but increased in spring

and throughout summer and autumn (Fig. 3c). The use of

a B-spline (instead of a cyclic spline) meant that the two

Fig. 2. Results of the Gaussian mixture model for one C-POD

inter-click interval (ICI) time series. The first component distribu-

tion (from the left) corresponds to the buzz ICIs, the second to

the regular ICIs and the third to the long ICIs. The values on the

x-axis are the natural logarithm of the ICIs in minutes.

© 2013 The Authors. Functional Ecology © 2013 British Ecological Society, Functional Ecology
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extremes of the estimated relationship did not smoothly

join, but we still obtained an approximate circular pattern

(Fig. 3c). Greater seabed slope was associated with a

higher occurrence of buzz ICIs (Fig. 3d), and there was a

positive relationship between buzzes and front density

(Fig. 3e).

On average, the final model correctly classified 57�1% of

observations, and the value of the area under the ROC

curve was 0�59. Horton et al. (1999) goodness-of-fit test

provided no evidence of lack of fit (Wald’s test statis-

tic = 4�35; d.f. = 9; P = 0�88), and the cross-validation

confirmed that the model was robust. The shape of the

estimated relationships (averaged across the 100 models)

was consistent (see Fig. S3, Supporting information), and

the model’s average performance at classifying the valida-

tion sets was 56�6%, similar to the model fitted to the full

data set. Moreover, the model successfully classified 77%

of the 33 observed predation events as ‘presences’. The

final model was then compared with a model in which the

spatial covariates (slope and latitude) were replaced by

POD location, to investigate the possibility that large-scale

spatial mechanisms explaining the distribution of buzzing

activity had been missed. The QICu suggested that the

model with POD location was slightly better than the

model with the spatial covariates, but its performance only

increased to 58% of correct classifications.

Finally, to visualize the results, the final model was used

to predict the probability of detecting buzz ICIs in each

POD location. A randomly selected Julian date was used

(250), together with the corresponding front maps in the

average year (2009). To represent the relative importance

of different areas for buzzing activity, predictions were

weighted by the differential usage of those locations by

dolphins. This was computed as the proportion of positive

hours (hours during which at least one bottlenose dolphin

ICI was detected) over the total number of hours covered

by POD deployments in each location (Fig. 4; see also

Fig. S4, Supporting information).

(a) (b)

(c)

(e)

(d)

Fig. 3. Results of the model for the presence/

absence of buzzing activity in each POD

hourly record. The model was a binary gener-

alized additive model with generalized esti-

mating equations. (a) Estimated relationship

between the response variable and the POD

type. (b) Estimated relationship with the lati-

tude. (c) Estimated relationship with the

Julian date. (d) Estimated relationship with

the slope gradient. (e) Estimated relationship

with the front density. The shaded areas rep-

resent the 95% confidence intervals. The rug

plot shows the actual data values.
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HOURLY DATA – FOUR MAIN S ITES

The QIC suggested that a working independence model was

preferable over the specification of an AR1 autocorrelation

structure. The QICu model selection procedure retained

year and Julian date, hour and tide direction, tide speed

and level, and the interactions between these variables and

POD location. POD type was also found to be relevant.

Estimated relationships were all significant under the robust

Wald’s tests, but the goodness-of-fit of the final models

remained virtually unchanged (57�5% of correct classifica-

tions; AUC = 0�61). Because of its collinearity with tide

speed, the tidal mixing parameter was evaluated in a sepa-

rate model, and it was retained by model selection as a sig-

nificant linear term with an interaction with POD location.

Plots for the estimated relationships show two different

patterns: (i) some variables showed a markedly different

relationship with the response for each location. For exam-

ple, the seasonal patterns of buzzing activity (see Fig. S5,

Supporting information) or the role of the tidal flow direc-

tion (Fig. 5). (ii) other variables appeared to have an effect

on the occurrence of buzz ICIs only in some locations.

Tidal speed and the tidal mixing parameter, for example,

were found to have an effect only at Chanonry Point and,

to a much lesser extent, at the Sutors. In these locations,

faster tidal flows corresponded to increased occurrence of

buzzes, and well-mixed waters were preferred over strati-

fied ones (Fig. 6).

DAILY DATA

The analysis of the presence or absence of buzzing activity

at a daily scale suggested that Julian date and year, POD

type and POD location were all significantly associated

with the response (Fig. 7). The estimated seasonal variabil-

ity in buzzing (with greatest probability of buzz occurrence

in summer and autumn; Fig. 7b) confirmed the results of

the hourly model, and the probability of detecting buzz

ICIs peaked in 2005 and 2010. The goodness-of-fit of the

final model was substantially improved, correctly classify-

ing 65% of observations with an AUC of 0�72. The model

performed even better when interactions between temporal

covariates and POD location were introduced. This model

was fitted to data from the four main sites and included

Julian date and year, their interactions with POD location

and POD type. The inclusion of the interaction terms led

to an average of 68�9% correct classifications and an AUC

of 0�75.

Fig. 4. Map of the final model predictions in each POD location, weighted by the site usage. The probability of occurrence of buzzing

activity is predicted as a function of the model covariates in that location. A randomly selected Julian date was used (250), together with

the corresponding front maps in the average year (2009). Site usage was estimated as the proportion of positive hours over the total num-

ber of hours covered by POD deployments in each location.

© 2013 The Authors. Functional Ecology © 2013 British Ecological Society, Functional Ecology
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Fig. 5. Estimated relationship between buz-

zing activity and tide direction in each of

the four main sites. The binary generalized

additive model with generalized estimating

equations included the interactions between

the covariates and the POD location. The

shaded areas represent the 95% confidence

intervals. The rug plot shows the actual

data values.

Fig. 6. Estimated relationship between buz-

zing activity and the tidal mixing parameter

in each of the four main sites. The binary

generalized additive model with generalized

estimating equations included the interac-

tions between the covariates and the POD

location. The shaded areas represent the

95% confidence intervals. The rug plot

shows the actual data values.

© 2013 The Authors. Functional Ecology © 2013 British Ecological Society, Functional Ecology
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Discussion

A MODEL FOR THE FORAGING ACT IV ITY OF AN

ECHOLOCAT ING MARINE PREDATOR

Our findings demonstrate that this extensive passive acous-

tic data set could be used to investigate the distribution

and temporal dynamics of echolocation buzzing activity in

a marine predator. Foraging buzzes were identified within

the time series of echolocation clicks. Subsequent model-

ling of spatio-temporal dynamics indicated that both static

(latitude, slope) and dynamic environmental variables

(Julian date, frontal metrics) were significantly related to

buzzing activity.

Observed seasonal patterns of buzzing reflected the sea-

sonal trends in Atlantic salmon (Salmo salar) abundance

in the study area, as adult salmon migration starts in

spring and continues until late autumn (Marine Scotland

Science, unpublished data; available at http://www.scot

land.gov.uk/Topics/marine/science/Publications/stats/Salmon

SeaTroutCatches). Salmon are an important prey resource

for these predators (Janik 2000; Bailey & Thompson

2010), and salmon runs into local rivers are likely to affect

dolphin movements and foraging (Hastie et al. 2004). Our

results also confirm that bottom topography influences

bottlenose dolphin foraging efficiency (see Hastie et al.

2004). Steep and narrow channels may act as bottlenecks

for prey, and currents resulting from interactions between

tidal flows and steep slopes may concentrate prey and

facilitate capture. Finally, model selection retained the

relationship between buzzing occurrence and fronts. Sev-

eral studies have underlined the importance of frontal sys-

tems for marine top predators (Doniol-Valcroze et al.

2007; Bost et al. 2009), where enhanced productivity and

biomass can affect the distribution of fish prey. Physical

aggregation of prey through convergence processes can

also lead to the formation of predictable prey patches

(Worm et al. 2005; Bost et al. 2009).

Predictions from the final model provided insights into

the distribution of dolphin foraging activity. In particular,

the model confirmed the importance of the Sutors and

Chanonry Point as foraging hotspots in the inner Moray

Firth (Hastie et al. 2004; Bailey & Thompson 2010) and

identified other important patches (Lossiemouth and

Cullen Bay) that can guide future research and manage-

ment effort.

The model correctly predicted 77% of the visual obser-

vations of confirmed feeding events, but the confusion

matrix indicates that some variability in the data cannot

be explained by the variables considered here. These envi-

ronmental and temporal variables act as indirect proxies of

unknown mechanistic processes (mainly the availability of

(a) (b) (c)

(d)

Fig. 7. Results of the model for the presence/absence of buzzing activity in each POD daily record. The model was a binary generalized

additive model with generalized estimating equations. (a) Estimated relationship between the response variable and the POD type. (b) Esti-

mated relationship with the Julian date. (c) Estimated relationship with the year. (d) Estimated relationship with the POD location. The

shaded areas represent the 95% confidence intervals.
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prey) that influence foraging activity, and are therefore

imperfect predictors (Guisan & Zimmermann 2000;

Redfern et al. 2006). Moreover, none of the covariates in

the final model had an hourly resolution, so fine-scale

temporal variability in buzzing activity remained unex-

plained. When POD location was included as a substitute

for the retained spatial covariates (latitude, slope), the fit

improved only slightly, confirming that the final model

was probably missing a dynamic component, rather than

additional spatial information.

SCALE DEPENDENCY IN FORAGING

The spatial scale of analysis is known to affect the quantifi-

cation of relationships between species and their environ-

ment (Ciarniello et al. 2007; de Knegt et al. 2011). This is

especially true in marine systems, where resources are het-

erogeneously distributed and habitats have a hierarchical

structure (Mehlum et al. 1999; Pinaud & Weimerskirch

2007; Bailleul et al. 2008). When the shape of the esti-

mated relationships between buzzing occurrence and envi-

ronmental covariates was allowed to vary between the four

main sites, the modelling results supported this hypothesis.

The overall model identified a general temporal variation

in buzzing activity across the year, but our site-level analy-

sis showed marked differences between the four sites. Dif-

ferent local features (e.g. variability in prey densities) can

influence seasonal patterns of usage (Hastie et al. 2004).

Tidal dynamics also influenced foraging behaviour differ-

ently across the four sites, as might be expected if site-

specific topography leads to local and complex interactions

with tidal movements. As a result, relationships with tidal

flow direction varied according to different shoreline orien-

tation and morphology. Moreover, favourable foraging

opportunities might arise from tides in some areas, but not

in others. Strong tidal flows, for example, could aid in prey

capture at locations such as Chanonry Point, where flow

interacts with particular bathymetric features (Bailey &

Thompson 2010). The site specificity of these relationships

highlights why these covariates were excluded in the over-

all model and why previous studies failed to detect similar

relationships over large scales (e.g. Hastie et al. 2004).

The temporal scale of analysis also affected the good-

ness-of-fit of the final model. While marine top predators

are often expected to have a detailed knowledge of their

environment (Le Boeuf et al. 2000), our predictions of for-

aging activity were strongest at a daily rather than hourly

level. Thus, dolphins appeared to respond to coarser scale

temporal dynamics (e.g. the variation of front density or

the seasonality of their prey abundance), while demon-

strating a finer-scale response to spatial variation in

resources. In the best performing model, relationships with

environmental covariates were allowed to vary by site and

the occurrence of buzzing activity was assessed at a daily

scale. This suggests that it is more profitable to concentrate

on areas that have, on average, a higher chance of finding

food (Iwasa, Higashi & Yamamura 1981) than to develop

a detailed understanding of temporal dynamics in prey

availability. Alternatively, the system’s temporal dynamics

may be so uncertain, as reflected by highly unpredictable

salmon movements (Klemetsen et al. 2003; Stewart et al.

2009), to make it impossible for the dolphins to predict

food availability at finer temporal scales. Finally, the bet-

ter performance of coarser scale models could also result

from our inability to accurately characterize small varia-

tions in prey dynamics (Gr�emillet et al. 2008).

Observed patterns of distribution and resource use

emerge from the integration of processes that occur at dif-

ferent spatial and temporal scales (Levin 1992), but these

will be limited by the species’ locomotion costs. Bottlenose

dolphins may be sampling their habitat at a coarse tempo-

ral scale because of their ability to shift between dispersed

patches at relatively low energetic costs (Williams 1999).

While the success of this strategy will vary with fine-scale

fluctuations of prey densities, it may offer long-term

advantages in a relatively unpredictable ecological land-

scape. On the other hand, complex social systems, hunting

techniques and behaviour can also lead to site-specific for-

aging specializations in top predators (Bailleul et al. 2008;

Bailey & Thompson 2010). Such local adaptations can

only emerge from a site-level analysis. Our results further

confirm that a multi-scale approach is required to identify

the hierarchical patterns of a species’ foraging activity

(Ciarniello et al. 2007; de Knegt et al. 2011).

US ING PASS IVE ACOUST IC TECHNIQUES TO ASSESS

FORAGING D ISTR IBUT ION

This study demonstrates that the extensive passive acoustic

monitoring data sets produced over the last decade can

provide important insights into the foraging ecology of

these vocal wide-ranging predators. While the ICI distribu-

tions that discriminated between buzz and regular clicks

were similar to those used in previous studies (Carlstr€om

2005; Leeney, Carslake & Elwen 2011), the mixture model-

ling framework used here provided a less arbitrary tool for

classifying the ICIs into separate categories. Nevertheless,

there remain limitations in the use of passive acoustic tech-

niques to investigate foraging activity. First, echolocation

processes are highly directional and may be missed by

fixed detectors such as PODs. This will result in false

absences of foraging activity when data are analysed at a

fine temporal scale, potentially explaining the poorer pre-

dictive power of our hourly models. Detections may also

be influenced by local environmental characteristics (e.g.

bottom sediment, or tidal flow). While the relatively homo-

geneous features of the Moray Firth make the data col-

lected over such scales comparable, other studies might be

limited by more variable local conditions. However, our

analyses only considered the occurrence of buzzes in sam-

ples in which echolocations were detected, and overall

POD detection abilities should therefore have less influence

on modelling results. Finally, high-repetition click trains

can also be emitted during social interactions. These are

© 2013 The Authors. Functional Ecology © 2013 British Ecological Society, Functional Ecology
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more likely to be missed by the PODs because of their

higher directionality and shorter ICIs than feeding buzzes

(Herzing 1996), and we expect most detected buzzes to cor-

respond to feeding buzzes.

Conclusions

This robust analytical framework can be used to assess the

occurrence and spatio-temporal patterns of foraging in this

echolocating marine predator and has potential applica-

tions for other species. Foraging was associated with dif-

ferent environmental characteristics at different spatial and

temporal scales, confirming that a multi-scale approach is

advisable for the investigation of such scale-dependent

activity.

Understanding when and where foraging occurs is cru-

cial for the development of effective conservation measures

(Markowitz et al. 2004; Bailey & Thompson 2009). In par-

ticular, the association of foraging with specific environ-

mental features is required to inform individual-based

models used to predict the consequences of exposure to

different stressors (New et al. 2013). The identification of

the multi-scale processes that influence foraging should

also be taken into account when managing anthropogenic

disturbances.
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