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Abstract

Background: As levels of anthropogenic noise in the marine environment rise, it is crucial to quantify potential asso-
ciated effects on marine mammials. Yet measuring responses is challenging because most species spend the majority
of their time submerged. Consequently, much of their sub-surface behavior is difficult or impossible to observe and it
can be difficult to determine if—during or following an exposure to sound—an observed dive differs from previously
recorded dives. We propose a method for initial assessment of potential behavioral responses observed during con-
trolled exposure experiments (CEEs), in which animals are intentionally exposed to anthropogenic sound sources. To
identify possible behavioral responses in dive data collected from satellite-linked time-depth recorders, and to inform
the selection and parameters for subsequent individual and population-level response analyses, we propose to use
kernel density estimates of conditional distributions for quantitative comparison of pre- and post-exposure behavior.

Results: We apply the proposed method to nine Cuvier's beaked whales (Ziphius cavirostris) exposed to a lower-
amplitude simulation of Mid-Frequency Active Sonar within the context of a CEE. The exploratory procedure provides
evidence that exposure to sound causes animals to change their diving behavior. Nearly all animals tended to dive
deep immediately following exposure, potentially indicating avoidance behavior. Following the initial deep dive after
exposure, the procedure provides evidence that animals either avoided deep dives entirely or initiated deep dives at
unusual times relative to their pre-exposure, baseline behavior patterns. The procedure also provides some evidence
that animals exposed as a group may tend to respond as a group.

Conclusions: The exploratory approach we propose can identify potential behavioral responses across a range of
diving parameters observed during CEEs. The method is particularly useful for analyzing data collected from animals
for which neither the baseline, unexposed patterns in dive behavior nor the potential types or duration of behavio-
ral responses is well characterized in the literature. The method is able to be applied in settings where little a priori
knowledge is known because the statistical analyses employ kernel density estimates of conditional distributions,
which are flexible non-parametric techniques. The kernel density estimates allow researchers to initially assess poten-
tial behavioral responses without making strong, model-based assumptions about the data.

Keywords: Discrepancy statistics, Kernel density estimator, Tail probability, Pre- and post-data windows, Summary
statistics, Time-series, Behavioral response
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studies to better understand how sensitive species
respond to these signals [3]. Within these behavioral
response studies, researchers monitor animal behavior
before, during, and after controlled exposure experi-
ments (CEEs). The pre-exposure behavior data are
useful both in describing the baseline behavior for indi-
viduals of the species and to evaluate potential changes
in behavior as a function of exposure in known condi-
tions, each of which may inform ocean noise exposure
criteria and regulations [4]. Both horizontal avoidance
from the sound source and changes in diving and for-
aging patterns are of specific interest, because these
response behaviors can be tied to longer-term fitness
consequences [5]. While many of these experiments use
high-resolution archival tags that remain on the ani-
mals for hours up to several days, longer-term datasets
with lower resolution may better capture the range of
unexposed behavior by leveraging more pre-exposure
data [6]. Both high- and low-resolution data remain
challenging to analyze for species in which baseline
(i.e., pre-exposure) biology and behaviors are not fully
characterized [viz., 7, 8].

We propose a novel exploratory data analysis method
for response detection that uses kernel density estimates
(KDEs) of conditional distributions to analyze behavior
summaries across paired time windows. In particular, we
demonstrate how to use the method to explore changes
in diving patterns derived from depth data, including
average depth, ascent/descent rates and vertical distance
traveled, and the sequence of deep vs. shallow dives.
Properties of these behavior summaries have been stud-
ied directly [7, 8] and through the use of various hid-
den Markov models (HMMs) [9-11], but the impact of
response remains difficult to quantify.

The exploratory method we propose quantifies how
common the post-exposure behavior is relative to the
immediate pre-exposure activity. Comparisons are made
separately for each individual, then patterns in changes
can be explored across individuals. The definition of
“‘common” is empirical, derived from the distribution
of activity between analogous pairs of observation win-
dows from the longer-term baseline dataset. We apply
the method to dive data from deep-diving Cuvier’s
beaked whales (Ziphius cavirostris) collected over longer
time periods (days to weeks) coincident with controlled
exposure experiments [12]. While biologists often study
changes in animals following potentially impactful
events, the innovation here is the specification and use
of a focused screening procedure to uncover evidence
of outliers that suggest possible departure from baseline
behavior following exposure to sound. The method can
be adapted to evaluate possible changes in behavior in
other animal groups.
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Our exploratory method analyzes behavioral changes
in animals whose baseline activity is (a) only partially
characterized in the literature, and (b) observed to vary
with respect to latent states that may be difficult to explic-
itly model or estimate. These two factors pose significant
analytical challenges. Faced with this challenge, we focus
on three reasons why it is important to provide new tools
for exploratory analysis or screening of possible behavio-
ral responses in such animals. When baseline behaviors
are only partially understood and variable, (i) we do not
know if there has been a response; (ii) if a response did
occur, we do not know what type of response it might be;
and (iii) we do not know when a response occurred and
for how long it may have lasted after an exposure. The
method we propose helps researchers quickly identify
possible outliers from among a large collection of ways
behavior could potentially change, which would other-
wise be time consuming to manually review.

In the statistics literature, exploratory analysis using
descriptive statistics and other data summaries may be
suggested as an analytic approach. However, exploratory
analyses are customarily designed to motivate or vali-
date standard types of modeling decisions regarding, e.g.,
choice of distribution or parameters, such as the mean or
variance of behaviors, or correlation between behaviors.
If we are able to identify a response and its nature, then
we might seek to build a model for such a response, e.g.,
[11] and extensions thereof. Here, our focus is on explor-
ing the data to screen for possible responses.

Controlled exposure experiments

The type of tags deployed in a controlled exposure exper-
iment influences the variety and types of baseline behav-
iors and responses that can be studied. High-resolution
multidimensional data, like DTAGs" sub-second read-
ings of depth, sound levels, and acceleration, are gener-
ally only available for relatively short periods of time (i.e.,
hours to days) due to constraints on battery life, memory,
or tag recovery [13, 14]. Satellite-linked tags, by compari-
son, can record data for much longer periods of time (i.e.,
weeks to months), but generally at lower resolution. For
example, for our study species, tag configuration, and
location, satellite-linked tags only provide an average of 6
longitude/latitude locations per day and 12 binned depth
readings per hour (i.e., depth is 30-60m). Although lower
in resolution than DTAGs, longer-term datasets derived
from satellite tags can leverage more pre-exposure data
to characterize the range of unexposed behavior [6].

CEE data are challenging to analyze because individual,
social, and environmental factors influence both baseline
behavior of an animal as well as its likelihood to respond
to anthropogenic sound [15]. Extreme deep-divers,
like Cuvier’s beaked whales, pose additional challenges
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because baseline behaviors are not well understood and
differ substantially from other diving mammals [7]. A
priori, researchers may not know what the nature of
the behavioral response might be, the duration of time
over which it may occur, or whether there is a lag in
the response relative to the exposure. All of these issues
make complex behavior and responses inherently diffi-
cult to study.

Inferential approaches

Strategies for extracting behavioral response of whales
to exposure presented in the literature include, but are
not limited to, expert opinion [16, 17], regression-based
approaches [18], Mahalanobis distance approaches [19,
20] and an HMM approach [9]. Mahalanobis distance
approaches are typically applied to a multivariate data
stream consisting of nearly continuous data obtained
from a DTAG [13]. First, these data are processed to
compute biologically relevant variables, for example
fluke stroke rate, from accelerometer and magnetometer
data. Then, using this vector time-series, a Mahalanobis
distance is calculated and plotted over time in order to
assess a behavioral response, i.e., distances that are very
large in comparison to pre- and post-exposure behavior
[19, 20].

HMMs have been used to study whale diving behav-
jor states, including identification and characterization
of foraging states [9, 10, 21]. Time-series models and
HMMs describe the temporal evolution of processes, for
example, by parametrically modeling the average value
of observations and the correlation between successive
observations or by modeling the probability of switching
between behavioral states and the probability of observ-
ing different state-dependent data values or patterns.

We suggest that an HMM approach might be more
appropriate as a follow-on to our exploratory screening.
We suggest this because, from the satellite tag observa-
tions alone, selecting how many latent states there might
be or how to structure a transition matrix between states
will inevitably introduce subjectivity. Further challenges
may arise in specification of the nature of a response (a
unique state, altered transition probabilities, or changes
in state-dependent distributions). In any event, prelimi-
nary analysis to identify the nature of a response could
certainly be useful before embarking on such model
specification and fitting.

Exploratory approaches

Behavioral ecologists aim to quantify changes in com-
plex systems or behaviors, and our proposed approach
allows a structured preliminary investigation to screen a
large body of candidate metrics for identifiable changes
or differences. We contribute a method that uses kernel
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density estimates of conditional distributions to identify
potentially outlying changes in diving behavior that are
observable between pre- and post-exposure time win-
dows. Critically, our method is not a formal hypothesis
testing framework, but it is inspired by the way formal
hypothesis tests identify unusual patterns in data through
tail probabilities of reference distributions. The proposed
method’s metrics and windows are structured to capture
behaviors such that a set of results can be synthesized
to both identify whether a response of some type in fact
occurred, and to provide insight into explicit post-expo-
sure response.

Ecological processes can include temporal trends and
lags that can be challenging to incorporate into para-
metric, model-based analyses [22]. Studying temporally
paired windows accounts for trends at fixed lags, and
kernel density estimates can flexibly model empirical
patterns in data because they are non-parametric. The
approach only offers preliminary analysis because the
estimation procedure does not directly share informa-
tion across lags or metrics. However, more thorough or
confirmatory estimation procedures are usually designed
to study a small number of specific behaviors at specific
time scales, candidates for which we seek to identify here.

The kernel density estimation approach using paired
windows is general and can be adapted to study how dif-
ferent animals respond to environmental stressors that
are experimentally introduced at known times. The pro-
posed procedure uses nested time windows and a battery
of metrics to identify the onset and duration of behavio-
ral responses. The pre-exposure data characterize vari-
ability in baseline behavior, serving as a reference against
which potential responses are evaluated. We illustrate
our procedure through application to nine beaked whale
tag records involving known, realistic military sonar
signals.

Methods
Data
We used data from nine Cuvier’s beaked whales (Ziph-
ius cavirostris) that were tagged offshore of Cape Hat-
teras, NC USA, in 2019 as part of the Atlantic Behavioral
Response Study [23]. Each animal was instrumented with
a SPLASH10-292 extended depth tag from Wildlife
Computers, Inc. (Redmond, WA) in the LIMPET con-
figuration [24], programmed to record depth data,
using the time-series function, every 5 min for approxi-
mately 2 weeks. The data are illustrated in Fig. 1, which
highlights diving data collected immediately before and
after exposure for the animal identified internally as
ZcTag093_DUML.

Though the tag’s depth sensor is accurate to &+ 1m,
the data returned to the user via satellite telemetry are
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Fig. 1 Diving behavior surrounding the CEE for ZcTag093_DUML. The vertical dotted line marks the start of the CEE. The grey regions illustrate
several combinations of pre- and post-exposure windows analyzed

summarized by low-resolution bins due to bandwidth
limitations. For example, an observation recorded at
1,075 m in the water column can be reported as a depth
bin centered at 1,091 m with a width of 93.5 m. We base
our analysis on the bin centers. Dive data were filtered
for potential pressure transducer failures and runaway
sensor drift using onboard diagnostics. The animals
were exposed to a lower-amplitude simulation of Mid-
Frequency Active Sonar (MFAS) from a sound source
array [25] deployed off of one of two sport-fishing char-
ter vessels. Table 1 reports the data collection and expo-
sure information for all animals. The field approach in
the Atlantic BRS follows typical CEE protocol, of tagging,

pre-exposure baseline, exposure, and post-exposure
monitoring [3]. In contrast to previous BRS studies, the
use of satellite-linked telemetry tags means that the pre-
and post-exposure periods can extend over multiple days
(Table 1). We conducted 4 CEEs in 2019, which ranged in
duration from 7 to 30 min [23].

Conditional distributions for response behaviors

Each tag records a continuous time-series of depth
observations zi, . .., zr. If we assume an exposure begins
between times U and U + 1, then we refer to z1,...,zy
as pre-exposure observations, and zy/41,...,27 as dur-
ing and post-exposure observations. Table 1 reports

Table 1 Summary of tags and CEEs analyzed in study, including start and end dates for dive data collection, and start date, time and

duration for CEE

Tag info. CEE info.

ID Start End U T ID Date Time (UTC) Duration (min)
ZcTag083_DUML 11-May 21-May 2816 2923 1901 21-May 0904 64
ZcTag085_DUML 01-Jun 31-May 3,031 3664 1902 07-Jun 0913 30
ZcTag087_DUML 02-Jun 15-Jun 1451 3620 1902 07-Jun 0913 30
ZcTag088_DUML 02-Jun 15-Jun 1448 3857 1902 07-Jun 0913 30
ZcTag089_DUML 02-Jun 15-Jun 1426 3835 1902 07-Jun 0913 30
ZcTag093_DUML 01-Aug 37-Jul 2071 3683 1903 06-Aug 1137 30
ZcTag095_DUML 12-Aug 25-Aug 2050 3739 1904 19-Aug 1311 30
ZcTag096_DUML 12-Aug 25-Aug 2046 3831 1904 19-Aug 1311 30
ZcTag097_DUML 12-Aug 25-Aug 2041 3826 1904 19-Aug 1311 30

All data were collected in 2019. The variables U and T denote the number of pre-exposure observations used to estimate baseline distributions, and the total number
of observations for the tag, respectively
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T and U for all animals. The post-exposure window
spans a time period during which animals were actively
exposed to sonar, potentially responded to sonar after
exposure, and potentially returned to baseline behav-
jor. For a selected number of observations R > 0 and
time lag L > 0, we screen for changes in diving behavior
between the R observations that immediately precede
exposure, Wyre = (ZU—R+1,- - +»2U) and R post-exposure
observations that begin L time units after exposure,
Wpost = (ZU+L+1»- - -»2u+L+R)- The grey bands in Fig. 2
illustrate the temporal relationship between wj, and
Wpost when each window is 1h long and separated by a
1 h lag. Our full screening suite uses a series of nested
windows to quantify onset and duration of responses.
The main window is 0—6 h, with 0-3 h and 3-6 h nested
within, and further nesting via the hourly periods 0-1 h
through 5-6 h. The 1-h windows are chosen because this
covers the typical length of a beaked whale’s presumed
foraging dive duration—dives over 33 min in duration
[7]. The maximum window length of 6h focuses the study
on immediate responses to exposure. Summary statistics
Sk1 = tk(Wpre) and sgg = £x(Wpost) characterize the kth
diving behavior of interest in Wy, and wp,gs. The statis-
tical procedures are described below, and the summary
functions £ (-) are described in "Summary statistics for
behaviors" section.

We compare the observed response to a CEE
(i.e., relationships between wp, and wps:) to pairs
of windows in the pre-exposure period, similar to
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permutation tests and randomization tests. The data for
the kth behavior are the ordered pair of summary statis-
tics (sk1,Sk2), and they are evaluated with respect to the
conditional distribution [Siy|Sk1], where Si1 = £ (W7)
and Sy = ;. (W>) are summary statistics for a hypothet-
ical pair of windows W7 and W5. The windows Wj and
W3 have the same widths and separation as the paired
experimental windows w; and wy, but both W} and W»
follow the distribution of pre-exposure windows.

The pre-exposure data provide U —2R—L+1
pairs of windows we can use to approximate [Sio|Sg1].
The method we present below uses each of the
U — 2R — L + 1 pre-exposure pairs once to approximate
[Sk2|Sk1]), similar to how a permutation test generates
a reference distribution by enumerating all relevant
re-combinations of the source data. Alternatively, if
U — 2R — L + 1 were too large to enumerate, the refer-
ence distribution could be approximated by sub-sam-
pling the pre-exposure pairs. Sub-sampling forms the
theoretical basis for randomization tests, as sub-sam-
pling yields a procedure to generate reference distribu-
tions that are asymptotically equivalent to permutation
tests as the number of sub-samples grows [22, 26, 27].

The conditional distribution [Si;|Sk1] is a reference
distribution that describes paired behavior patterns
(i.e., pre/post relationships) in the absence of sound
exposure. It is a function of S that quantifies the dis-
tribution of behavior that is typically observed in W5

500
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Fig. 2 Diving behavior surrounding the CEE for ZcTag093_DUML. The left grey band highlights a 1-h-long pre-exposure window immediately
preceding the exposure time, indicated by the vertical dotted line. The right grey band highlights a 1-h-long post-exposure comparison window
that begins 1 hour after exposure. The red arrows visualize the vertical change between observations dj, and the black dots indicate depths that

1900 2000
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when the behavior in the preceding window W1 is sum-
marized by the value of Sg;.

The exploratory procedure we propose uses the tail
probabilities of [Sk2|Sk1] to quantify how unusual the
post-exposure behavior siy is relative to behaviors
associated with s, as if there were no sound expo-
sure. The lower and upper-tail probabilities of [Sgy|Sk1]
are P(Sgy < sk2lSk1 = sx1) and P(Ska > sx2lSk1 = sk1)s
respectively. Mathematically, the tail probabilities can
be computed from the joint density fs, ,s,, (1, v) for the
pair of summary statistics (Sg1, Sk2) of random windows
W1 and W5 via

L2 fssia k1 v)dv
f5k1 (sx1)

P(Sk2 < sk2lSk1 = k1)

(1)
_ Igijf:gkl’skz (sk1, v)dv
s 51 (Sk1)

where fs, (sx1) = ffooofgkl,gkz(skl,v)dv is the marginal
density for Si; evaluated at si;. Although the joint den-
Sity  fs,,,51, (#:, V) evaluates the likelihood of (Sgi,Sk2)
with Sg; = u and Sy = v for any combination of (u, v),
its value is only important to us along the vertical line of
coordinate pairs that match our pre-exposure conditions,
i.e., for pairs in the set {(&,v) : u = 551, v € R}.

Fig. 3 illustrates the relationship between the joint
density fs,,s5,,(#,v), the conditional distribution
[Sk2|Sk1), pairs (4, v), and how data will ultimately be
analyzed statistically. The figure visualizes the statis-
tical information our exploratory procedure uses to
assess possible response with respect to the “time in
deep dives” summary statistic (described in "Summary
statistics for behaviors" section) computed with no lag
separating 6 hour long pre- and post-exposure windows
for ZcTag093_DUML. Each point in the plot repre-
sents one pair of 6h windows from ZcTag093_DUML’s
pre-exposure data, used by the KDE described below
to approximate [Sia|Sk1] from [Sk1, Sko] for k = 3. The
x-axis plots the “time in deep dive” summary statis-
tic for each baseline “pre-exposure” window, and the
y-axis plots the same statistic for each baseline “post-
exposure” window. The contours represent the KDE'’s
estimate of the baseline distribution [Skj, Sk2], which
quantifies the relationship between paired windows
in the absence of exposure. Vertical cross sections
through the contours represent the conditional dis-
tribution [Sky|Sk1] for specific values of Siq. The verti-
cal cross section the green line highlights represents
the distribution of post-exposure behavior we would
expect to see for ZcTag093_DUML following exposure
if the animal did not respond to the sound source. The

P(Sk2 = sk2lSk1 = k1)

’
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Fig. 3 Contours illustrate central region for bivariate density estimate
fs1,55, (U, v) for ZcTag093_DUML based on the baseline observation
pairs {(sg’f, sgg)} that summarize 6 hour long “pre/post” windows,
with no lag separating them. The green point indicates the CEE
pair (s31,532), and the green, vertical line illustrates the support
for the conditional density [S32]531] used to evaluate (s31,532). The
distribution’s upper tail consists of all points on the green line above
(s31,532), and the distribution’s lower tail consists of all points below

point on the green line represents the combination of
pre- and post-exposure actually observed. Here, we use
the left-tail probability to quantify possible response
because it is smaller than the right-tail probability. The
left-tail probability is the amount of mass that lies on
the green line between the y-axis and the green point,
and we use the KDE to estimate this value.

In general, the tail probabilities associated with the
pair (sg1,Sk2) are used to assess whether a response
may have occurred. Similar to a p-value from a formal
hypothesis test, a small tail probability suggests the
animal responded to sonar exposure by deviating from
typical behavior patterns. However, since we work out-
side of a formal hypothesis testing framework, we only
interpret small tail probabilities as identifying poten-
tially outlying behavior. A small lower-tail probability
(1) suggests the observed post-exposure behavior sk,
substantially decreased relative to what is expected
following sx; under baseline conditions. Similarly, a
small upper-tail probability (2) suggests the post-expo-
sure behavior substantially increased. In either case,
behavior changes indicate response to sound exposure
because—by the design of CEEs—the tail probabilities
are computed with respect to events observed entirely
under baseline conditions.
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We use a bivariate kernel density estimator fskl,gkz (u,v)
along with numerical integration to form plug-in
estimators of (1) and (2). Kernel density estimators
are commonly available in statistical analysis soft-
ware, for example via the MASS::kde2d function
in R. For our application, the estimator fSkl,Skz(”r v)
is formed from summary StatlStICS sk1 =tk(wp,e),
51(3 _ 1%% windows  Wpre = (Zi—R+1, e ,Zi)
and post (Z,+L+1, ce rZi+L+R) for 1 e Z,
R <i < U — R — L, which lie entirely within the baseline
period. The estimator is specified via
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instead of fgkl,gkz (4, v). The conditional density estima-
tor fsk1 5451G1 (4, V) is specified v1a (3) but uses filtered
baseline data in which the pair (Skl,Skz) is used only if
the diving context of the baseline pair matches the diving
context of the experimental pair, i.e., if g; @ = = g1

Summary statistics for behaviors

Table 2 describes the kK =1,...,10 basic summary sta-
tistics tx(w) = Z/ Yj; we use to assess changes between
pre- and post-exposure observation windows W and
Wpost- Many of these statistics are used in other studies

fs‘kl 'SkZ (u’ V) U 2R L ~

’

M (e (G A ®

hihy

where ¢ (-) is the standard normal density kernel and /3,
hy are bandwidths for each dimension [28, Chapter 4].
We define each bandwidth via a univariate rule to mini-
mize approximate mean integrated square error with
Gaussian kernels [28, eq. 3.28].

We also consider evaluating the summary statistics
(Sk1,Sk2) with respect to the more restricted conditional
distribution [Sg2|Sk1, G1], where Gy =1 if the animal
is at a deep depth the end of W) and G; = 0 otherwise
(i.e., by convention g; =1 if z;; > 800m for the CEE;
see [29-31]). We consider the additional conditioning
because the distribution of behavior typically observed
in W5 may depend on more than just the summary Si;
of behavior in the preceding window W;. The additional
conditioning provided by G; specifies [Sk2|Sk1, G1] to be
a reference distribution describing paired behavior pat-
terns that either end in deep or shallow depth regimes in
the absence of sound exposure. As before, estimates for
tail probabilities of [Sk2|Sk1, G1] use (1) and (2), but with
the conditional kernel density estimator fs,, s.,G; (% V)

Table 2 Formula and descriptions for non-sequential summary statistics ty (W) =

of diving behavior, but we apply them in a modified way.
The statistic ; (w) is formed by aggregating the feature Yj;
across the generic observation window w = (z,...,2R).
For example, ¢1 (w) represents the amount of time in w an
animal was observed on or near surface depths by defin-
ing Yj1 =1 if z is a sufficiently shallow depth (a user-
defined threshold), and 0 otherwise. A small lower-tail
probability for s13 = £;(Wpes) suggests an animal spent
less time on or near surface depths than is typically
observed following s11 = £1(Wpre). Further exploratory
interpretation can be gained by comparing results from
other behaviors, for example, to understand if the animal
engaged in more deep diving than typical or if the animal
spent more time in shallower non-surface depths instead.

Each of the statistics in Table 2 aggregates different
characteristics of diving behavior. Consider a generic
depth sequence w = (z;,...,zi+r). We say the animal
is at a “surface depth” when it is observed to be in the
shallowest depth bin (i.e., 0-40 m), and we say the ani-
mal is in a “deep dive” when it is observed to be in a

Zj Y formed from different choices of Y

Order-sensitivity k Description of ty (w) = Z]- Yik Yik
None 1 Time on or near surface 1{7 € S}
2 Average depth z/W
3 Time in deep dives 0(z)
Pairwise 4 Time spent ascending 1{d; < 0}
5 Time spent descending 1{q > 0}
6 Time spent without vertical movement 1{d; =0}
7 Total vertical distance traveled I
8 Total ascent distance |dj|1 {dj < O}
9 Total descent distance lg11{d; > 0}
10 Total vertical direction changes 1{ H () #H (d/-)}

The set S on line 1 represents the range of depths defined to be “surface depths” The indicator function 1{-} throughout evaluates to 1 if the argument is true, and 0
otherwise. The Heaviside functionH (x) on line 10 equals 1if x > 0,1/2ifx = 0,and 0ifx < 0
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dive that exceeds 800m [29, 32]. To illustrate, Fig. 2
presents a dive record with all points that constitute
a deep dive are labeled. The functions ¢;(w) and £3(w)
in Table 2 summarize the number of times a surface
depth is observed, and the number of times an animal
is observed to be in a deep dive (either the beginning,
middle, or end), respectively. Very large (or small) val-
ues of the post-exposure statistic suggest deep-diving
behavior has substantially decreased (or increased). As
described in "Conditional distributions for response
behaviors" section, a post-exposure statistic is under-
stood to be “very” large if it has a small tail probability
relative to its reference distribution. The function £ (w)
summarizes the average depth at which an animal was
observed. The remaining functions ti(w),...,t10(w)
summarize vertical depth changes via transforma-
tions of the vertical difference between observations
dj =zj—zj1. To illustrate, Fig. 2 presents a dive
record with the differences d; visualized. Several func-
tions summarize the number of times an animal was
observed to be ascending in the water column (#(w)),
descending (¢5(w)), or staying at the same depth (¢5(w)).
Other functions summarize the total vertical distance
changes made within the window (#;(w)), or only
while ascending (tg(w)) or descending (Z9(w)). Lastly,
t10(w) summarizes the number of times the animal was
observed to change from upward to downward move-
ment (or vice versa).

A quick mathematical study of the statistics in Table 2
demonstrates the statistics can be mostly insensitive to
the order in which the data appear. The following theo-
retical example illustrates the concern. From Table 2,
we will always see t1 (W) = t1 (Wrey) Wwhen wy,, represents
the data analyzed in reverse order wyey = (ZitR, - - ., Zi)-
We will also always see f(w) = fp(w') for k =1,2,3
when w' represents any reshuffling of w. The remain-
ing statistics f4(w),...,t10(w) will only be minimally
impacted if pairs of observations are reshuffled. The
summary statistics would ideally characterize a window
w, so that we would only see tx(w) ~ (W) if w = w'.
However, the common, high-level summary statistics in
Table 2 describe averages and totals, which do not pro-
vide such characterization.

We propose to remedy the order-sensitivity issues of
the basic statistics in Table 2 by including a modified ver-
sion in our results. We add the timing-dependent varia-
tion tkD w) = Zj jYjk to our exploratory screening suite.
The timing-dependent statistic tkD (w) modifies x(w) by
weighting the feature Yj; by its order j in the observation
window w. The modified statistics tkD (w) are much more
sensitive to the sequential nature of diving behavior. Dif-
ferent weighting schemes can be used to increase the
sensitivity to changes at different points of an observation
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window w, such as replacing j with 1/j to weight earlier
observations in w greater than later observations.

Tail probabilities for the order-sensitive pair (sfl,s%)
with sfl = t,‘? (Wpre) and 5?2 = t,’? (Wpost) should be inter-
preted alongside results for the basic pair (sg1,Sk2)-
Order-sensitivity makes it more difficult for deviations
from baseline behavior to be undetected. We expect it
would be more likely to observe a small tail probabil-
ity for the pair (sfl,sfz) without seeing a corresponding
small tail probability for (sk1, sk2), as opposed to the other
way around. If there is only a small tail probability for
the pair (sfl,sfz), we interpret the results as indicating a
substantial change in the timing of the activity summa-
rized via ¢ (), but not necessarily the scale of the activity.
If there is a small tail probability for (sk1,sk2), we inter-
pret the results as indicating a substantial change in the
quantity of the activity summarized via t;(-). We would
simultaneously anticipate the timing of the activity will
have changed as well, which would be indicated by a cor-
responding small tail probability for the pair (sfl, sfz).

For an individual tag record, we compare a large
number of tail probabilities to assess broad behavio-
ral responses in CEEs, which is evocative of the mul-
tiple testing problem for formal hypothesis tests. For
each window in our screening suite (i.e., each combina-
tion of window length R and lag L), we compute a total
of 20 tail probabilities for the pairs (sg1, sx2) and (sfl,s%)
for k =1,...,10. Our screening windows often over-
lap (i.e., 0-3 h windows overlap 0-6 h windows), so our
summary statistics are often correlated. If we were pro-
posing formal hypothesis tests, multiple testing adjust-
ments would not be available for our complex scenarios,
which is one reason we present our screening proce-
dure as exploratory. In formal settings, multiple testing
adjustments reduce the number of tests that should be
rejected, reducing the number of interpretations that can
be drawn from a collection of tests. Analogously, we rec-
ognize it can be beneficial to not try to interpret all tail
probabilities computed for each animal.

To reduce the number of tail probabilities one might
interpret from each animal for possible responses, we
recommend the Benjamini and Hochberg procedure
with ¢* = .05 for controlling the false discovery rate
(FDR) in a collection of independent hypothesis tests
[33]. The procedure yields a threshold based on g*, and
individual hypothesis tests are only rejected if their
p-value is smaller than the threshold. When all assump-
tions are met, the procedure guarantees the expected
proportion of false-positive rejections is at most g*.
Applied here, the procedure sorts the 180 tail prob-
abilities for each animal and yields an animal-specific
threshold for probabilities based on g* (there are 20
tail probabilities for each of 9 window configurations).
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Then, one might only interpret possible behavior
changes for the collection of statistics whose tail prob-
ability is smaller than the threshold.

Whether one uses the tail probabilities directly or the
FDR procedure to screen tail probabilities for possible
responses, we can develop an overall impression of the
post-exposure behavioral response. Such interpreta-
tion would then encourage and inform formal response
quantification and modeling, which would allow us to
quantify the magnitude of any such change. Our pro-
cedure supports the detection of possible responses by
identifying a collection of rare behaviors that appear to
be outliers relative to pre-exposure data.

Across tag records, we can evaluate the similarity
between the tail probabilities for whales i and j by com-
puting the mean-square dissimilarity score D(i, /)

2
((Pik —pi)” + (pﬁ —pj‘i) )

10

D

k=1

. 1
D(,j) = 2

where pjx and pj; are the left-tail probabilities (1) for the
basic statistics in Table 2 for animals i and j, respectively,
and pg( and pﬁ( are left-tail probabilities for the order-

sensitive statistics. The score D(i, j) is proportional to the
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squared Euclidean distance between the vector of tail
probabilities for animals i and j. It is sufficient to only
focus on left-tail probabilities, because the left-tail and
right-tail probabilities always sum to 1 for continuously
valued statistics.

Results

We interpret results for summary statistics evaluated
with respect to the conditional distributions [Si|Sk1, G1]
discussed in "Conditional distributions for response
behaviors" section, which accounts for the influence of
diving state at the time of exposure (i.e., deep vs. shal-
low) on subsequent behaviors. Here, we will focus on the
results prior to FDR-screening. The FDR-screened results
are presented in the Additional file 1. The types of pat-
terns identified by FDR-screened results are similar to
what are presented here, but with fewer “significances”
across all animals and with no retained “significances” in
the 1-2 h, 2-3 h, - . ., 5-6h windows.

The exploratory procedure provides evidence that simi-
lar diving behaviors of the study animals change after
exposure. At a high level, nearly all animals had small tail
probabilities that indicate deep diving activity changed
in some manner (i.e., either increase or decrease)

Table 3 Number of animals with either left or right-tail probabilities less than 0.1, conditional on dive state at exposure without order
sensitivity ty (w) (black), and with order sensitivity l“kD(W) (grey, emphasized)

£ (w) | 06h | 03h 36h | 0-1h 12h 23h 34h 45h  56h
. 6 5 5 9 2 4 1 1 4
1. Time near surface
3 3 3 1 4
2. Average depth
L . 2 5 4 7 3 8 7 8 7
3. Time in deep dives
. ) 1 2 6 3 1 2 1 4
4. Time spent ascending
. . 1 2 2 2 1 1 1
5. Time spent descending
. . . 3 1 4 1 1 2
6. Time spent without vertical movement
. . 5 6 5 7
7. Total vertical distance traveled
. 6 7 2 1 1 1 1 3
8. Total ascent distance
3 1 5 2
9. Total descent distance
. L 3 2 5 3 3 1 2
10. Total vertical direction changes
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following exposure (Table 3, row 3). The existence of any
response—whether an increase or decrease—is impor-
tant for marine mammal regulatory applications. Many
animals had small tail probabilities both before and after
FDR that indicate the amount of time spent near the sur-
face changed as well (Table 3, row 1 before additional
FDR screening; after FDR-screening in Additional file 1).
Other types of behavior also changed, but with more
individual variability (Table 3, remaining rows).

While the deep diving activity of nearly all animals
appears to change, the changes indicate similarities and
differences between individuals. Animals tended to dive
deep immediately following exposure (if they were not
exposed while at a deep depth), then either a) avoid sub-
sequent deep dives or b) initiate an additional deep dive
at an unusual time. The animals ZcTag093_DUML and
ZcTag083_DUML illustrate the two response patterns,
respectively. The exploratory procedure indicates the ini-
tial deep post-exposure dive was unusual with respect to
the pre-exposure behavior for both animals (Tables 4 and
5, rows 1-3, col 0-1 h). Evidence of an initial deep post-
exposure dive is consistent with a predator avoidance
response hypothesis [34, 35].

The procedure shows individual differences between
the animals as well. After the deep dive immediately
following exposure, the animal ZcTag093_DUML
was not observed to engage in additional deep diving
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behavior (Fig. 1). The lack of deep-diving behavior is
notable because it is consistent with the hypothesis that
ZcTag093_DUML stopped foraging following exposure.
Lacking acoustic evidence of actual foraging attempts
(echolocation signals), this remains speculative, but the
results provide evidence of a response across multiple
metrics. The tail probabilities indicate the behavior is
unusual with respect to pre-exposure activity due to a
substantial decrease in the amount of time ZcTag093_
DUML spent in deep dives (Table 4, row 3), a sub-
stantially shallower average depth (Table 4, row 2, col
3-6 h), and substantially less vertical distance traveled
following exposure (Table 4; row 7; cols 0-6 h, 3—-6 h).

By comparison, the animal ZcTag083_DUML did
engage in additional deep-diving behavior after the
immediate deep dive following exposure (Figs. 4 and 5).
But, the tail probabilities indicate ZcTag083_DUML’s
deep-diving behavior is unusual with respect to pre-
exposure activity due to a substantial decrease in the
time and distance spent ascending paired with an
increase in the quantity and timing of descent distance
(Table 5; rows 4, 8, 9; col 3—4 h), followed by a substan-
tial increase in average depth paired with increases
in the timing of when vertical distances are traveled
(Table 5; rows 2, 7, 8; col 4-5 h). Figures and tables of
results for the remaining animals are included in Addi-
tional file 1.

Table 4 7cTag093_DUML, tail probabilities conditional on dive state at exposure without order sensitivity t, (w) (black), and with order
sensitivity zf(w) (grey, emphasized). Probabilities are excluded if greater than 0.1, and are annotated with (—) or (+) to indicate they

are for the left or right tail, respectively

t.(w) | o-6h | 0-3n

5-6h

1. Time near surface

0.08 (—) ‘

0.06 (—)

2. Average depth ‘

0.02 (—) 0.00 (—)

3. Time in deep dives

4. Time spent ascending

5. Time spent descending

6. Time spent without vertical movement

7. Total vertical distance traveled

0.03 (—) 0.07 (-)

8. Total ascent distance

0.04 (—) ‘
0.08 (—) ‘

9. Total descent distance ‘

0.03 (-) 0.02 (—) | 0.06 (-)

10. Total vertical direction changes

0.07 (=) ‘

000 (-) 001(=) 000(-) 0.00(-)

0.01 (+) 0.08 (-)

0.02 (+)

0.08 (—)

0.01 (—) 0.07 (—)
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Table 5 ZcTag083_DUML, tail probabilities conditional on dive state at exposure without order sensitivity t, (w) (black), and with order
sensitivity IE(W) (grey, emphasized). Probabilities are excluded if greater than 0.1, and are annotated with (=) or (+) to indicate they
are for the left or right tail, respectively

te(w) 0-6h | o-3h 3-6h | 0-1h 1-2h 2-3h 3-4h 4-5h 5-6h

001 (=) 001(=) 0.09 (+)

1. Time near surface

N

‘ 0.01 (+)

0.00 (+) 000 (—) 0.0 (-) 0.00 (—)

w

Time in deep dives

0.07 (—)

el

Average depth ‘
Time spent ascending ‘

0.07 (=)

o

Time spent descending

o

Time spent without vertical movement

~

Total vertical distance traveled

0.09 (—)

I

Total ascent distance

0.08
9. Total descent distance (+)

10. Total vertical direction changes

500

1000 4

Depth (m)

1500 4

1
0800 0900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900 2000 2100 2200
Time (UTC)
Fig. 4 Diving behavior surrounding the CEE for ZcTag083_DUML. The vertical dotted line marks the start of the CEE. The grey regions illustrate
several combinations of pre- and post-exposure windows analyzed

Lastly, the exploratory procedure provides some evi-  Discussion
dence that animals exposed as a group may tend to  Here we proposed a simple method to use with satellite
respond as a group. The animals ZcTag095_DUML, tag data to identify possible outliers in diving patterns
ZcTag096_DUML, and ZcTag097_DUML were trave- that suggest changes in animal behavior following expo-
ling in a group at the time of exposure. The tail prob-  sure to sound. We have illustrated the types of insights
abilities for this group of animals were all much more
similar to each other than to other animals (Fig. 6).
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several combinations of pre- and post-exposure windows analyzed

g IE———————
500

_ L
£ !
)= |
S 1000 - |
o I
D 1
I
1
1
1500 :
1
1
1
1

0800 0900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900 2000 2100 2200

Time (UTC)

Fig. 5 Diving behavior surrounding the CEE for ZcTag089_DUML. The vertical dotted line marks the start of the CEE. The grey regions illustrate

097 -

096 -

095-

D(i.j)
0.05
0.04
0.03
0.02

088 - 0.01

0.00

093 -

ZcTag (j) 089-
087 -

085-
083~

083 085 087 088 089 093 095 096 097
ZcTag (i)

Fig. 6 Dissimilarity scores between pairs of animals in study

it provides on several whales exposed to sonar during
controlled exposure experiments. The tool uses kernel
density estimates of conditional distributions derived
from baseline data to compare post-exposure behavior
to pre-exposure behavior. The kernel density estimates
are model-free, which allows the method to be applied to
biotelemetry data collected from a wide range of animals
that are monitored in scenarios where clear interventions
lead to a response. In particular, the procedure is ideal for
initially analyzing data from cryptic species, such as the
beaked whales we work with here. Pre-exposure behav-
ior may be difficult to explicitly model for cryptic spe-
cies because pre-exposure behavior may only be partially

characterized in the literature. The procedure is also use-
ful for initially analyzing data for non-cryptic species
when their post-exposure responses are not yet charac-
terized. Furthermore, window lengths and lags can be
tailored to the time scales of important patterns for the
animals being studied.

Other model-free methods can be used to assess
behavioral responses in CEEs, such as Mahalanobis dis-
tances. However, from a distribution-theory perspective,
Mahalanobis distances would implicitly assume condi-
tional distributions are normally distributed and linearly
related to the overall mean of pre-exposure behavior.
Many of our conditional distributions have non-ellipti-
cal and potentially multimodal contours, which indicate
departures from normality (e.g., Fig. 3).

We propose using basic kernel density estimators in
lieu of other non-parametric estimators to keep the
method simple, allowing researchers to quickly screen
for extremely small tail probabilities that suggest pos-
sible responses. While basic kernel density estimators
are sufficient for identifying extremely small tail prob-
abilities, hand-tuned models for each summary sta-
tistic could potentially model the behavior summaries
more accurately, helping to identify tail probabilities for
smaller effects. However, simpler strategies may also be
beneficial to consider. Basic kernel density estimators use
uncorrelated kernel functions, but modifications that use
correlated kernel functions have been studied and imple-
mented for use in the ks package for R [36, 37]. Den-
sity estimation via multivariate normal mixture models
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has also been studied and implemented for use in the
mclust package for R [38, 39].

The collection of diving behaviors analyzed can be
extended with additional summary statistics to study
additional types of behavioral responses. We find that
even with limited data we are able to quickly identify
possible responses to sound. For example, in ZcTag093_
DUML we observed a decrease in deep, presumably
foraging, dives, which has been noted previously as a
possible response in other similar experiments [18, 19].
Without the acoustic data that are available from instru-
ments such as DTAGs [40], we can only speculate as to
whether any subsequent deep dives are foraging dives.
Nevertheless, this framework offers a useful exploratory
data analysis technique to inform subsequent formal
modeling, e.g., a process-based model where we estimate
transitions into and out of different diving stages [11].

Most animals with possible responses show the rapid
onset of a deep dive immediately following exposure due
to shifts in summary statistics associated with deep div-
ing (e.g., time spent in deep dives, average depth, time
spent descending). We speculate such dives could rep-
resent an immediate escape response to avoid the sonar
source. If correct, this type of behavior may be especially
physiologically costly to the animal owing to the short
shallow dive sequence prior to a long dive and a possible
lack of sufficient recovery. As above, our approach offers
a structured way to screen for possible responses—the
results of which can lead to the development of richer,
process-based models.

Through our flexible approach to defining and quanti-
fying summary statistics, we have shown how behavior
change can manifest differently over different time peri-
ods and between animals. Our exploratory approach
suggests that subsequent formal models should model
response behaviors as a mixture over different response
types, such as a complete avoidance of deep-diving
behavior, or a change in the timing of deep-diving behav-
ior. Subsequent formal analyses of response behav-
iors might also attempt to account for similarities in
responses between animals due to social behaviors.

One limitation of our approach is that it is necessarily
exploratory because of the complex dependence among
summary statistics, which precludes formal significance
testing. This complex dependence makes it difficult to
define formal hypothesis tests and use multiple test-
ing corrections to evaluate potential Type-I errors in
the results. Type-I errors are commonly known as “false
positive” results. Formal hypothesis testing procedures
are formal, in part, because the test’s significance level
controls the procedure’s long-term Type-I error rate. Our
method is exploratory, in part, because we do not explic-
itly control this error rate.
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The quality and quantity of pre-exposure data affect
the accuracy of our tail probabilities. In applying our
approach, longer pre-exposure baseline datasets will
more comprehensively capture the variability in behav-
ior patterns. It is easier to separate response behaviors
from baseline behaviors when baseline behaviors are
better understood. For beaked whales, the satellite-
linked telemetry devices we work with provide much
longer pre-exposure data collection than other telemetry
devices often used in CEEs, such as DTAGs (i.e., days—
weeks vs. hours). Although the temporal resolution of the
data is much coarser (i.e., 5-min intervals vs. sub-second
sampling), the longer collection allows longer-term div-
ing patterns to be better captured.

Another limitation is that the problem we address
does not easily lend itself to validation as a formal testing
method. While we are motivated by hypothesis testing,
the procedure we propose is more similar to an explora-
tory outlier detection method. If formal testing were the
goal, then the accuracy of a method to detect behavioral
responses in telemetry data could be assessed by quan-
tifying the method’s Type-1 and Type-II error rates (i.e.,
false positive and negative error rates). We provide a
basic simulation study in the Additional file 1 to explore
the Type-I and Type-II error rates for our exploratory
procedure. We approximate the series of depth data using
a two-state HMM to simulate alternating sequences of
deep and shallow depths. We find that the method gener-
ally has reliable control of Type-I error rates, and good
power to detect avoidance of deep-diving behavior.

Instead of formal validation, we find indirect evidence
that our proposed method has reasonable performance.
First, the tables of tail probabilities (Tables 4 and 5, and
others in Additional file 1) relate to features that are vis-
ibly apparent in plots of diving behavior (Figs. 1 and 4,
and others in Additional file 1). Second, the tables of
tail probabilities (including Table 3, aggregating results
across animals) identify patterns of behavior that suggest
exposure to sound disrupts typical diving behavior. Such
general findings are consistent with other foundational
research conducted using high-resolution archival tags,
which have shorter pre-exposure records and more sen-
sors than the satellite tags used here [19, 41].

Conclusion

The exploratory approach we propose can be used to ini-
tially assess potential animal responses to external stim-
uli, such as exposure to anthropogenic sound sources.
The approach is useful for analyzing data collected from
animals for which standard models and methods have
not been established due to a lack of a priori knowledge
in the literature. The exploratory approach for response
detection offered here suggests application to other
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types of response-to-exposure data collected over time
because the summary statistics can be customized, and
the statistical methods do not require strong distribu-
tional assumptions for their application because they are
non-parametric. Furthermore, for other species where
we have many more exposed records, we may be able
to better suggest population-level response to exposure.
In addition, we might be able to connect the intensity of
exposure, as in [42], with the extent of response. In so
doing, we could better understand the quantitative rela-
tionship between exposure and response [43].
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