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Abstract

In order to help develop hypotheses of connectivity among
North Pacific fin whales, we examine recordings from
10 regions collected in the spring and fall. We develop a
Random Forest model to classify fin whale note types that
avoids manual note classification errors. We also present a
method that objectively quantifies the note and pattern com-
position of recordings. We find that fin whale recordings near
Hawaii have distinctive patterns, similar to those found in other
regions in the central North Pacific, suggesting potential migra-
tion pathways. Our results are consistent with previous studies
that suggest there may be two different populations utilizing
the Chukchi Sea and central Aleutians in the fall and mix to
some degree in the southern Bering Sea. Conversely, we found
little difference between spring and fall recordings in the east-
ern Gulf of Alaska, suggesting some residency of whales in this
region. This is likely due to fine scale similarities of calls among
the inshore regions of British Columbia, while offshore areas
are being utilized by whales traveling from various distant
areas. This study shows how our novel approach to character-
ize recordings is an objective and informative way to standard-

ize spatial and temporal comparisons of fin whale recordings.

KEYWORDS
acoustics, Balaenoptera physalus, bout, classification, clustering,
fin whale, INI, North Pacific

Published 2019. This article is a U.S. Government work and is in the public domain in the USA.

224 wileyonlinelibrary.com/journal/mms

Mar Mam Sci. 2020;36:224-245.


https://orcid.org/0000-0002-3179-4769
http://wileyonlinelibrary.com/journal/mms

ARCHER ET AL 225

1 | INTRODUCTION

Describing patterns of population structure in large whales has always been a challenging endeavor. Historically,
these studies have relied on morphological and genetic data, much of which was obtained during commercial whaling
(Mizroch, Rice, Zwiefelhofer, Waite, & Perryman, 2009). Due to their large size and wide-ranging, pelagic distribu-
tions, it is often difficult to obtain a sufficient number of morphological and genetic samples to describe whale
populations. Additionally, complex movement patterns between high latitude feeding areas and low latitude breeding
areas are not always fully understood, making it difficult to analyze and interpret the results from data sets com-
posed of samples collected from different portions of these ranges and in different times of the year.

Over the past several decades, acoustic data have proven to be a useful source of information for geographical
differentiation in several species of baleen whales (Cerchio, Jacobsen, & Norris, 2001; McDonald, Mesnick, &
Hildebrand, 2006; Oleson, Barlow, Gordon, Rankin, & Hildebrand, 2003). In contrast to the complex calls of hump-
back whales (Megaptera novaeangliae) (Payne & Payne, 1985; Winn & Winn, 1978), fin whales (Balaenoptera physalus)
make stereotyped signals composed of short (<1 s), downswept notes (Watkins, 1981; Watkins, Tyack, Moore, &
Bird, 1987). The most common of these easily recognizable notes occurs around 20 Hz, and has been named the
20-Hz pulse, 20-Hz note, or classic note (C). A variation of this note type is called a “backbeat” (B), that differs in cen-
ter frequency and bandwidth (Clark, Borsani, & Notarbartolo di Sciara, 2002). In some regions, including the North
Atlantic and the Antarctic, there is also a higher frequency component associated with the 20-Hz pulses, which has
been found to vary geographically (Simon, Stafford, Beedholm, Lee, & Madsen, 2010; Sirovi¢, Hildebrand, Wiggns, &
Thiele, 2009). Fin whales produce other signals that have received considerably less research attention, including a
~45 Hz note that is not produced in a patterned sequence and is produced at different times of year than the 20-Hz
note (Sirovi¢, Williams, Kerosky, Wiggins, & Hildebrand, 2013; Watkins, 1981).

These notes can be produced in stereotyped series that have often been referred to as “song,” and are thought
to be a male reproductive display (Clark, 1990; Croll et al., 2002; Watkins, 1981). Fin whale song composition has
been shown to vary in primarily two characteristics: the frequency (including bandwidth and center or peak fre-
quency) and the time interval between successive 20-Hz notes (internote interval, INI; Hatch, 2004; Watkins et al.,
1987). Most commonly, differences in the INI have been used to differentiate populations of fin whales in the Medi-
terranean Sea and the Atlantic, Pacific, and Southern Oceans (Castellote, Clark, & Lammers, 2012; Delarue, Todd,
Van Parijs, & Di lorio, 2009; Hatch, 2004; Morano et al., 2012; Sirovi¢ et al., 2009; Thompson, Findley, & Vidal,
1992; Weirathmueller et al., 2017). These studies have characterized songs as “singlet” where 20-Hz notes that
share the same time and bandwidth characteristics are repeated with a regular INI, “doublet” songs in which the INI
alternates between relatively shorter or longer durations and sometimes different note types (e.g., Oleson, Sirovié,
Bayless, & Hildebrand, 2014), and “triplet” songs composed of two note types and with fixed INIs (Delarue, Martin,
Hannay, & Berchok, 2013). These studies suggest that fin whale song characteristics, specifically the temporal struc-
ture of note sequences, might be useful in differentiating among “acoustic populations” as has been done with blue
whales (Balaenoptera musculus) (Buchan, Stafford, & Hucke-Gaete, 2015; McDonald et al., 2006; Mellinger & Clark,
2003; Samaran et al., 2013; Stafford, Chapp, Bohnenstiel, & Tolstoy, 2011; Stafford, Nieukirk, & Fox, 1999, 2001).

In the absence of a robust understanding of fin whale population structure and movement patterns within the
North Pacific, passive acoustic data have been proposed as a useful line of evidence to generate hypotheses of con-
nectivity. In conjunction with genetic and photo ID studies, acoustic data indicate that there is a resident population
of fin whales in the Gulf of California, Mexico (Nigenda-Morales, Flores-Ramirez, Urban-R, & Vazquez-Juarez, 2008;
Silber, Newcomer, Silber, Pérez-Cortés M., & Ellis, 1994; Sirovi¢, Oleson, Buccowich, Rice, & Bayless, 2017; Thomp-
son et al.,, 1992); with possible seasonal influx or mixing of whales from the Pacific side of Baja California, Mexico.
Acoustic monitoring has also shown that fin whales are present year-round in southern California, being more com-
mon in offshore waters in the winter (Sirovi¢ et al., 2015). However, little is known about their population structure

in the remainder of the North Pacific Ocean. Several studies have described, with a variety of methodologies, the
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structure of songs and seasonal and interannual variations therein for areas of the North Pacific, including Hawaii,
the Bering Sea, the southern Chukchi Sea, southern California, and the Sea of Cortez (Delarue et al., 2013; Oleson
et al., 2014; Sirovi¢ et al., 2017; Weirathmueller et al., 2017). The similarity in song structure within and between
years for several pelagic areas of the North Pacific (Hawaii, Bering Sea, southern California) suggests that a single
population might use this oceanic basin even though there is also evidence for multiple song types in the Bering Sea
(Delarue et al., 2013) and the northeast Pacific (Koot, 2015).

In this study, we develop new tools for the objective description and analysis of sequences of fin whale calls. We
use these descriptors to examine relationships of fin whale call structure from regions around the North Pacific. We
also compare the variability within the North Pacific to a small selection of calls from fin whales around Antarctica.
The approach we take characterizes calls based on note type proportion, INI, and stereotypic characteristics in their
sequences. We then quantify differences and similarities of sequences of calls among regions using machine learning
classification and clustering methods.

2 | MATERIALS AND METHODS

The goal of this study was to objectively compare fin whale acoustic sequences collected from several regions across
the North Pacific at different times of the year. We wished to avoid preselecting specific characteristics of the
sequences (e.g., only comparing internote intervals in doublets) as we did not want to inadvertently discard features
that might be relevant to population structure. Given that our data consisted of recordings of different lengths and
compositions of notes, we needed to quantify them in a comparable way that incorporates information about the
types and patterns of notes, as well as their spacing in time. Because we do not know nor wish to assume the behav-
joral state of the whales producing the calls, we avoid characterizing our recordings as “songs.” For the purposes of
this study, we are defining the elements of fin whale acoustic sequences as follows (Figure 1):

Note: a 20-Hz pulse represented by two primary types in fin whale (following Clark et al., 2002): B (backbeat)

and C (classic).

Unit: a note plus its following internote interval (INI, the time from the centroid of the note to the centroid of the

following note).

Bout: sequential groupings of distinct units of variable length, separated by “rests” (following Watkins

etal., 1987).

The approach we developed first identified and categorized the fundamental components of bouts (i.e., notes
and units). We then quantified how frequently these components, and extended patterns of them, occurred within
bouts. Additionally, we quantified how often each pattern of notes and units were repeated in a given bout. With
these measures, we then examined the similarity of bouts among regions and seasons in an analysis of spatial and

temporal variation. The details of each step of this process follow.

Bout
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INI (internote interval), and units (combination of
Time (s) = note and INI).
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Recordings were collected from 17 locations across the North Pacific, grouped into nine regions based on the
proximity of several recording locations and large geographic gaps between regions (Figure 2). We also included
recordings from the South Shetland Islands north of the Antarctic Peninsula (~62°S, 60°W) in order to compare vari-
ability within the North Pacific to variability between ocean basins. In order to minimize presence of overlapping
bouts and address possible seasonal changes in bout structure, recordings were collected during the spring (February
and March) and fall (September and October) between 2000 and 2014. All recordings were decimated to a sample
rate of 512 Hz. In total, there were 15 unique combinations of regions and seasons, which are the strata used in all
analyses in this study unless otherwise specified (Tables 1 and SM1).

Recordings were selected within the period sampled with the only restriction being that they contain recogniz-
able fin whale bouts that did not appear to be created by more than a single animal. In each recording, an analyst

used SpectroPlotter software (a custom software tool developed by JASCO Applied Sciences) to manually identify

FIGURE 2 Location of recordings from
each region. Each dot represents a separate
location, with region abbreviations identified
in the boxes.

TABLE 1 Summary of number of

X Region Season  Recordings Bouts Notes Notes/Bout
recordings, bouts, notes, and average

note per bout in each stratum. Chk Fall 4 14 294 210
Brg Fall 8 21 409 19.5
NW Pac  Spring 4 11 307 27.9
NW Pac  Fall 17 56 1665 29.7
Altn Fall 1 6 113 18.8
W GoA Spring 4 8 108 13.5
W GoA Fall 8 30 718 23.9
E GoA Spring 25 87 1,120 12.9
E GoA Fall 36 112 1,573 14.0
C Pac Fall 5 14 264 18.9
MB Fall 5 16 409 25.6
HI Spring 4 21 190 9.0
HI Fall 1 20 231 11.6
GoC Spring 9 20 399 19.9

Ant Fall 15 37 790 214
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discrete, characteristic fin whale notes. An analyst manually selected calls using detailed methods outlined in Rankin
et al. 2018 (their appendix 1). A minimum of 500 notes were measured per season and region. The following spectral
characteristics were measured: maximum frequency, minimum frequency, peak frequency, and center frequency.
Frequency related measurements were based on annotation contents that contained a user-defined energy percent-
age selection, which varied for each bout. To facilitate consistency across analysts, user-defined energy selections
followed detailed methods provided in appendix 2 of Rankin et al. 2018. The energy selection strategy was adopted
to account for differences in background noise levels and spectra within the fin whale call frequency range among all
deployment locations. INI was based on the time from the centroid of the note to the centroid of the following note
to avoid the influence of variable signal-to-noise ratio within and between bouts among all deployment locations
(see Rankin et al., 2018 for a detailed description of recorder hardware and processing methods).

2.1 | Note annotation and classification

As part of the note annotation process, each analyst identified notes as either (B)ackbeat or (C)lassic (Rankin et al.,
2018). While high frequency notes were present in our Antarctic recordings, they were not found in the North
Pacific recordings. Thus, we did not include them in further analysis.

Because note classification was done independently by multiple analysts with data from different regions and there
appeared to be some interanalyst differences in classification, we developed a system to automatically classify notes
based only on their measured spectral characteristics. The method we employed combined unsupervised clustering to
identify note types with supervised classification to extend the clustering results to notes from all recordings.

For the unsupervised clustering phase, we used density clustering (Rodriguez & Laio, 2014), which is designed to
identify points (peaks) in multidimensional data around which other points are clustered at a high density. Operation-
ally, these peaks are defined as the k points surrounded by a large number of other points (p) within an a priori
selected critical distance (dc), that are also a relatively large distance (5) away from a point with a larger number of
points within the same critical distance. The input for density clustering is a matrix of pairwise distances, which we
calculated using the four measured frequency characteristics of the recorded notes and three computed values:
bandwidth (maximum frequency minus minimum frequency), the difference between peak sound pressure level and
centroid frequencies, and the difference between maximum and peak sound pressure level frequencies.

Rodriguez and Laio (2014) indicate that optimum values of dc are usually found between the 0.01 and 0.02 qua-
ntiles of the distribution of observed distances. In our optimization routine, we examined values of dc between the
0.01 to 0.03 quantiles of the observed distances, in increments of 0.001. For each value of dc and k clusters, p and §
were computed for each note, and threshold values of p and & were selected as those halfway between the k and k
+ 1 points, with the largest values of the product of p x 5. We performed this clustering for k = 2 to 4.

We used Random Forest classification (Berk, 2006; Breiman, 2001) to determine the robustness and repeatability
of our clustering methods. For every set of p and § thresholds, if each cluster contained at least 100 notes, we then
created a Random Forest classification model that predicted cluster membership based on the seven note spectral
characteristics used above. In each tree in the model, n notes were randomly selected without replacement from
each cluster, where n was half of the smallest cluster size. This produced a balanced model, ensuring that classifica-
tion accuracy was not biased towards larger clusters (Archer, Martien, & Taylor, 2017; Berk, 2006). For each value of
k, the value of dc producing a classification model with the lowest out-of-bag (OOB) error rate was selected as the
optimum value, and the Random Forest model producing that error rate was chosen as the optimum classification

model. If the OOB error rate at this optimum value was >0.05, then that value of k was not considered.

2.2 | Unit identification

To form “units” (combinations of individual notes and the following INIs), we identified individual modes of INIs
across all bouts using the Ckmeans.1d.dp method (Wang & Song, 2011), as implemented in the R package of the
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same name. This method is a dynamic programming implementation of standard k-means clustering optimized for
one-dimensional data, which is more appropriate for distributions of INIs than clustering methods designed for multi-
variate data sets. We clustered INIs following B-type notes separately from those following C-type notes. We evalu-
ated k = 2 to 10 modes for INIs following each note. The optimum number of modes was chosen based on the BIC
values of Gaussian mixture models fit to the data for each value of k.

Preliminary analyses identified a set of unusually short (<4.5 s) internote intervals (INIs), primarily in the Hawaii
fall data. Given their short duration and regularity, they were suspected to be echoes resulting from multipath propa-
gation. Additionally, throughout the data set there were longer INIs where it was possible that either the whale had
periodically stopped calling (e.g., gaps or rests per Watkins et al., 1987) or notes within the recording were too faint
for detection. Thus, to ensure that the distribution of INIs was appropriately representative of actual note production
rates, we split individual recordings into separate bouts of sequential notes where all INIs were >4.5 s and <45 s.

Each unit was then labeled as the note followed by the note-specific INI mode cluster number (1 to k). For exam-
ple, “B1” would describe a B followed by an INI that was part of B INI mode 1, while “C1” would be a fundamentally
different unit, describing a C that was followed by an INI that was part of C INI mode 1 (Figure 1). The INI mode

number was assigned sequentially, and does not represent interval duration.

2.3 | Bout composition

Previous studies have identified different kinds of singlet, doublet, and triplet patterns in fin whale bouts (Delarue
et al., 2013; Koot, 2015; Oleson et al., 2014; Sirovi¢ et al., 2017; Weirathmueller et al., 2017). For example, regularly
spaced sequences of Cs are frequently observed, as are alternating BC or CC doublets, or even BCC triplets. In order
to characterize bouts based on the composition of these patterns (p), we first identified all one- to three-note pat-
terns. We did not explore four-note or larger patterns because triplets are the largest unit that has been described
previously in the literature, longer patterns would start to significantly increase computational time, and most of the
signal from these larger patterns should be captured by combinations of and correlations among the two- and three-
note patterns that we are quantifying. The one note patterns are simply single instances of the two notes B and C.
There are four unique two-note patterns (BB, BC, CB, and CC), and eight unique three-note patterns (BBB, CBB,
BCB, CCB, BBC, CBC, BCC, and CCC) resulting in 14 unique one- to three-note patterns. Additionally, we identified
all patterns of one- to three-units (combinations of note and INI). For each pattern (i) in a bout, we computed the fol-
lowing values (further described below):

Np: Number of notes in bout b.

Li: Number of notes in pattern i.

Mi,: Maximum number of nonoverlapping instances of pattern i possible in bout b (= N,/L;).

Nip: Actual number of nonoverlapping instances of pattern i in bout b.

P;,: Proportion of the bout b composed of pattern i (= Ni,/M;p).

Rip: Number of runs (sets of sequential occurrences) of pattern i in bout b.

Priiv): Average proportion of runs of pattern i in bout b (= Zf:"i (%)/Rib), where length(j) is the length of the

j-th run.

max [length (j)])

Max[Pr(ry]: Maximum proportion of a run of pattern i in bout b (= e

An example of these measures for a sample 20-note bout is given in Table 2. In each row, we show where the
unique occurrences and runs of each pattern are in the bout and their summary metrics. Only sequential, non-
overlapping patterns found starting from the beginning of the bout are counted as we wanted to quantify the pres-
ence and “clumpiness” of patterns as distinct components of a call. For example, the bout begins with BCBCB. If we
are considering the BCB pattern, there is only one occurrence of this pattern in these first five notes and only three
in the entire bout. We do not count the BCB that starts at the third note as this B is actually the last note of the BCB
pattern that initiates the bout.
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TABLE 2 Example of pattern proportions and runs for single, two-note, and three-note patterns in a sample 20-
note bout. Runs for each pattern listed in the first column are underlined under the bout. Metrics used for the bout
composition analyses are shown in the right-hand columns (see text for definitions).

Pattern Bout: Max
(i) B CBCBBUC CCBT CBT CBTCBBTCCBTCM N P R P (Prip)
B B B B B B B B B B B 20 10 05 8 006 0.1
C C C cC C C C C CcC C C 20 10 05 8 0.06 0.1
BB B B B B 10 202 2 01 01
BC B C B C B C B CB CB C B C B C 10 8 08 5 016 03
CB cC B CB C B CBCB CB C B 10 7 07 3 023 04
cc cC C cC C 10 202 2 01 01
BBB 667 0 0 00 0

CBB C B B C B B 6.67 2 03 2 015 015
BCB B C B B C B B C B 6.67 3 045 3 0.15 0.15
CCB c C B cC C B 6.67 2 03 2 015 015
BBC B B C B B C 6.67 2 03 2 015 015
CBC c B C cC B C C B C C B C 667 406 4 015 0.15
BCC B C C B C C 6.67 2 03 2 015 015
Cccc 667 00 00 0

The value Py, the proportion of bout b that is composed of pattern i, is computed such that Py, = 1 if the bout is
composed entirely of the pattern. This is true regardless of the length of the pattern (e.g., a BBBBBB bout has Py, = 1
for B, BB, and BBB patterns). In Table 2, the bout has equal proportions of Bs and Cs (P;, = 0.5 for both), but higher pro-
portions of BC and CB (0.8 and 0.7) than BB and CC (0.2) indicating that notes are not randomly arranged in this bout.

We define a “run” as a sequential occurrence of a pattern. In Table 2, there are 10 runs of the pattern B, but only
two runs of the pattern BB, and none of pattern BBB. Focusing just on runs of the two-note patterns, we see that
there are two runs of BB and CC each, three runs of CB, and five runs of BC. Since the number of runs of each pat-
tern increases with the length of a bout, we summarize runs by computing the average proportion of the bout com-
posed of runs of a given pattern, PR(,»), and the maximum proportion of the bout composed of a run of the pattern
Max(Pg). For example, a run of one occurrence of a two-note pattern is 0.1 of the length of a 20-note bout [1 occur-
rence/(20 notes in bout/2 notes in pattern = 0.1)]. Thus, in Table 2, the five runs of BC represent 0.2, 0.1, 0.3, 0.1,
and 0.1 of the length of the bout respectively. Thus, PR(BQ =0.16, and Max(Pgec) = 0.3. Although there are more
runs of BC in this bout, the CB runs are longer on average. So, even though the two patterns are inversions of one
another, we would tend to characterize this bout as being more CB-like than BC-like. Finally, because PR(i) and Max
(Prg)) are the same (= 0.15) for all of the three-note patterns except for BBB and CCC, which are both 0, we see that
this bout is not significantly composed of any particular three-note pattern.

These three summary metrics, Pj, f’R(;b), and Max(Prgp)) that quantify how patterns are distributed in bouts were
computed for all one-, two-, and three-note patterns of the notes alone (B, C, BB, BC, etc.), as well as units (B1, B2,
C1, C2, B1C1, B1C2, etc.) for each bout. These metrics were then used to cluster bouts within strata and build a
model to classify bouts to strata as described below. We only considered bouts composed of nine notes or more to
ensure that each bout contained a sufficient number of notes to characterize all summary metrics.

To identify groups of similar bouts within each of the 15 strata (10 regions and one or two seasons), we used Par-
titioning Around Medoids (PAM) clustering (Reynolds, Richards, de la Iglesia, & Rayward-Smith, 2006). Clustering
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was based on pairwise Euclidean distances computed from the bout pattern proportion and run summaries described
above. We selected the optimum number of PAM clusters in each stratum using the Gap method (Tibshirani,
Walther, & Hastie, 2001) and the first local maximum criteria. We used the second power of the Euclidean distances
to calculate the Gap statistic following Tibshirani et al. (2001) and standard errors of the gap statistic were computed
using 500 bootstrap replicates. We examined one to three clusters per stratum with the restriction that all clusters
had at least three bouts. We used the medoid bouts identified by PAM as representatives of their respective clusters
in each stratum. Relationships among these representative bouts were then visualized with hierarchical clustering

based on the pairwise Euclidean distances among them.

2.4 | Strata classification

We generated a set of Random Forest (Breiman, 2001) models that used the pattern proportion and run summaries
as predictors to classify bouts to their strata (region and season) of origin. The Random Forest model was balanced
with respect to number of bouts across strata in the trees as previously described. A total of 100,000 trees were run
for each model to ensure convergence of the OOB error rate.

All analyses were run with R version 3.5.3 (R Core Team, 2019). Density clustering was conducted with the
densityClust package version 0.3 (Pedersen, Hughes, & Qiu, 2017), PAM clustering and computation of the Gap sta-
tistic was performed with the cluster package version 2.0.9 (Maechler, Rousseeuw, Struyf, Hubert, & Hornik, 2018),

and the Random Forest models were run with the randomForest package version 4.6-14 (Liaw & Wiener, 2002).

3 | RESULTS

3.1 | Note classification

A total of 11,769 notes were recorded in all regions and seasons combined, of which 10,486 had data for all four
spectral measures. The mean Pearson correlation coefficient among these spectral measures was 0.63. Based on
these along with the three derived measures, Density Clustering identified two primary clusters (Figure 3). In the
Random Forest model, 99.3% of the notes were correctly classified to their cluster (78 misclassifications). The clus-
ters corresponded to notes with mean centroid frequencies of 18.8 Hz and 23.7 Hz (Table 3 and Figure 4), which
correspond to the previously defined B and C note types, respectively. We then used these designations to create a
classifier with which we predicted the note type of 1,069 of the notes with missing data based on centroid

201
~ 104
=
Re)
¢
o 07
£
)
_‘I O -
FIGURE 3 Multidimensional scaling of notes, colored -20 -
according to clusters designated by Density Clustering. . . , ! .
Cluster 1 corresponds to B notes and cluster -30 -20 -10 0 10

2 corresponds to C notes. Dimension 1
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TABLE 3 Summary of spectral characteristics of notes based on Density Clustering. In each cell the top values
are mean (standard deviation), and the bottom values are median (central 95th percentile).

Note Centroid frequency Peak SPL frequency Maximum frequency Minimum frequency
B 18.8 (1.5) 18.5(1.5) 25.5(3.1) 13.6 (2.4)

18.6 (16.6-21.8) 18.2 (16.4-21.5) 25.1(20.7-32.3) 4.2(7.1-16.7)
C 23.7 (2.2) 22.9 (2.8) 33.9 (3.5) 17.2 (2.7)

23.3 (20.5-29) 22.7 (19.1-28.6) 33.9 (27.9-40.8) 17.5(10.7-21.3)

FIGURE 4 Overlay of distributions of spectral
50 1 measures for B and C notes as designated by Density
Clustering. Distributions are minimum (green), maximum
401 (red), centroid (black), and peak sound pressure level
N frequency (yellow).
==
oy 301
c
(0]
g 201
o
L
101
0 p
B C
Note

frequency, peak sound pressure level frequency, and the difference between them. The remaining 214 notes were
then classified based on centroid frequency alone. Random Forest OOB error rates for these latter two models with
reduced spectral measures were 6% and 7%, respectively.

We found considerable variability in the correspondence between note designations from the Density Cluster
analysis and the original subjective designations from the analysts (Figures SM1 and SM2). In some regions, such as
the Aleutians and Gulf of California, there was perfect correspondence between the two methods. However, in
many others, the two methods disagreed. In some cases, such as Monterey Bay, Antarctica, and most notably Hawaii,
the methods disagreed for over 90% of the notes. In the data from Hawaii, the analysts designated 92% of the notes
as C, while Density Clustering designated all of these as Bs. Although not as pronounced, this was also the predomi-
nant pattern in other regions, where there was tendency for a large number of notes manually identified by readers
as Cs to be designated as Bs by Density Clustering. Given that Density Clustering is more objective and repeatable,
we use these note type designations in all analyses in this study.

The proportion of Bs and Cs varied across strata (Figure 5). All notes from Hawaii in the spring were Bs, as were
99% of the notes from Hawaii in the fall. Similarly, 98% of the notes from the western Gulf of Alaska in the spring
were Bs. However, a majority of the western Gulf of Alaska notes in the fall were Cs (73%). Recordings from the
Aleutians in the fall had the greatest proportion of Cs (99%). The B:C ratio in all strata was significantly different from
1:1 (binomial test p < .05).

3.2 | Bout composition

The Ckmeans.1d.dp cluster analysis identified five B INI modes and seven C INI modes (Table 4 and Figure 6). For
the B INIs, the BIC value at k = 5 was 212 and 353 units greater than k = 4 and 6, respectively. For the C INIs, the



ARCHER T AL | 233

FIGURE 5 Proportion of B notes in each Altn : Fall {A |
stratum for Spring (circles), and Fall (triangles). Ant - Fall 1 A
Brg : Fall 1 A
C Pac : Fall 4 LA
Chk : Fall - A
E GoA : Fall | AN
© E GoA : Spring O:
§ GoC : Spring @) !
2 HI : Fall { : A
HI : Spring - 1 @)
MB : Fall - AN
NW Pac : Fall - A
NW Pac : Spring O :
W GoA : Fall - A I
W GoA : Spring : @)
000 025 050 075 1.00
Proportion(B)
TAB LE 4 Summa.ry of .Il.\JI distribution Unit n Mean (s) Median (s) el
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BIC value at k = 7 was 95 and 57 units greater than k = 6 and 8, respectively (Figure 6B). When the individual record-
ings were censored for INIs between 4.5 s and 45 s, a total of 473 bouts were defined that had nine notes or more
(Table 1). There were 8,590 notes across all bouts, with bouts having an average of 18 notes, with a maximum of
94 notes (Figure SM3). Average bout duration was 294 s, ranging from 75 s to 1,449 s.

The variability of bouts across strata was enhanced when unit type is considered. As shown in Figure 7, although
Hawaiian and Antarctic strata both have a high frequency of B notes, they are distinguished by having different pro-
portions of B2 and B3 units, with INIs in Hawaii being longer than in the Antarctic. Fall and spring bouts in the east-
ern Gulf of Alaska show similar bout composition, being mainly B2 units and C notes, with a majority of C4 units.
Likewise, bouts from Monterey Bay and Bering Sea (both from the fall) have similar distributions, characterized by
relatively high proportions of B1, B3, C2, and C3 units.

The proportion and run summaries [pattern proportion, P, mean run proportion, PR(i), and maximum run propor-

tion, Max(Pg)] for one-, two-, and three-note patterns (notes alone and units) generated 1,869 summary measures
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FIGURE 6 Result of Ckmeans.1d.dp clustering of internote intervals (INI) to create units. (a) Distribution of INI
following B and C notes, with clusters identified in alternating black and white. (b) Delta-BIC values for k = 2-10
clusters.

for the 473 bouts containing nine or more notes. Clustering based on pairwise distances of bouts within each stra-
tum identified between one and three clusters of bouts per stratum (Figures 8, SM4, and SM5). These varied from
clusters representing bouts made entirely of B or C notes and units to those representing combinations of both at
different proportions. The Gulf of California spring stratum was unique in being the only one to have bouts that were
either primarily B or primarily C. We also note that there were two types of primarily B bouts in the western Gulf of
Alaska spring stratum, one having a single but spread INI mode around 15s and the other with two INI modes at
approximately 28 and 34 s. However, the sample sizes of these clusters were relatively small, so these may not be as
anomalous as they first appear.

Several clusters had similar INI distributions within strata but were composed of different proportions and pat-
terns of notes. For example, there were two INI modes in each of the three clusters in the Antarctic fall bouts, with
means around 12 s and 14 s. In the Chukchi fall bouts, the three clusters had three peaks at approximately 8 s, 15 s,
and 18 s, the first two of which could be characterized as BCC triplet, while the third is a BBB triplet. Although more
diffuse, the pattern can also be seen among clusters in the Bering fall bouts, with three peaks at approximately 10 s,
15s,and 20 s.

The dendrogram of representative bouts was composed of three distinct groups (Figure 9). The first comprised
bouts composed primarily of Bs. Two of the Antarctic bout types clustered together in this group to the exclusion of

the other North Pacific strata. The three Hawaii spring bout types clustered with one of the western Gulf of Alaska
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bout types, while the two Hawaii fall bout types clustered with the Gulf of California spring “B” bout type. The
Bering and Chuckchi “B” bout types also clustered together. The remainder was a collection of “B” bout types with
pairings from the same or nearby regions, but different seasons (e.g., western Gulf of Alaska spring and fall), and very
distant regions within the same season (e.g., Monterey Bay and northwest Pacific fall). The second major group was
a cluster of bouts containing primarily Cs. Of these, bouts from the northwest Pacific fall and western Gulf of Alaska
fall were the most similar. A bout type in the Gulf of California spring was notable in having very short INIs (C1 and
C2 units from Figure 6). The third group was composed of bouts with combinations of the two notes. The two Chuk-
chi Sea BCC triplet bout types were differentiated from the rest. A second clade in this group contained three strata
with relatively regular B-C repeat units (eastern Gulf of Alaska spring and fall and western Gulf of Alaska fall). Bouts
in the third cluster tended to have less clear repeat units, although there was a grouping of Monterey Bay fall and
northwest Pacific spring, which seemed to have similar BC doublet bouts.

We also examined variation of sequence cluster assignment within the eastern Gulf of Alaska, off British Columbia,
where we had recordings from four separate locations north of Vancouver Island and around Haida Gwaii (Figure 10). In
both seasons, the distribution of clusters from Brooks Peninsula was significantly different (XZ p-value < .01) from that of
locations to the north. In Brooks Peninsula, bouts tended to be regular BC runs. The two regions immediately north
(Cape St. James and Caamano Sound) had similar proportions in the fall, with about half being BC repeats and the other
half being BB (doublets). These two locations were both significantly different (2 p-value < .01) from Langara Island to
the northwest of Haida Gwaii where the four bouts recorded were BB. However, the INI distribution of fall bout cluster

3 from Cape St. James was greater than Caamano Sound and more similar to that of Langara Island (Figure SMé).

3.3 | Strata classification

The Random Forest model classifying bouts to strata had an overall correct classification rate of 53% compared to

the 13% expected by chance alone (Table 5). The most distinctive strata were the Aleutians and both seasons in
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FIGURE 8 Distribution of INI in bout clusters identified in each stratum. Each point is a note from a bout colored
by note type (green = B; orange = C). Notes are randomly placed on the x-axis around the vertical line designating
their bout cluster to aid in visualization of the distributions. Numbers at the top of each vertical line denote the
number of bouts present in that cluster.

Hawaii, both with 100% of the bouts correctly classified. The Antarctic bouts were the next most distinctive with a
classification accuracy of 91% and three misclassifications: two to Monterey Bay and one to the Bering Sea. The
stratum with the lowest classification accuracy was eastern Gulf of Alaska fall (8%), which had a majority of its bouts

misclassified to eastern Gulf of Alaska spring.

4 | DISCUSSION

The impetus for this project was to examine the potential for acoustic monitoring to be used as a proxy for fin whale
population or stock definition in the North Pacific. Typically, stock identification for large whales has been based on
differences in morphology, genetics, or distribution, data which can be difficult to obtain for pelagic, wide-ranging
species such as the fin whale. The use of acoustic differences, particularly song characteristics, has been proposed as
one means of identifying stock boundaries and connectivity; however, identification of measure(s) robust enough to
be considered can be problematic (e.g., Kershenbaum et al. 2016).

Previous studies of fin whale acoustic behavior have documented several kinds of 20-Hz singlet, doublet, and trip-
let songs (Koot, 2015; Oleson et al., 2014; Sirovi¢ et al., 2017; Thompson et al., 1992; Weirathmueller et al., 2017).
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FIGURE 9 First 240 s of bouts representative of each bout cluster within strata. Similarity of bouts is indicated
by hierarchical clustering dendrogram on left. Bouts from the same strata share the same color.

Identification of these has been based on subjective characterization of regular patterns of notes and distinctive INI
distributions. In this study, we have developed a novel approach for classifying notes and characterizing bouts (which
may include song) based on quantifying the proportion of notes and runs of units (which include patterns of notes and
INIs combined). This method allows for an objective collection of acoustic and sequencing metrics, and direct compari-
sons of any randomly collected sequence of notes or units.

Our results suggest that a priori note classification is often incorrect and should be avoided, as should assigning
bout compositions to predefined types. The results of our analyses show extensive variability of note, unit, and pat-
tern composition within bouts across regions among the two seasons examined in the North Pacific. Additionally,
highly diagnostic patterns were identified for several strata, as well as several instances of shared patterns that may
be indicative of connectivity. Hawaii was one of the most distinctive regions, containing sequences composed almost
entirely of B units with relatively long INIs. Spring bouts recorded from 2007 and 2008 showed some indication of
having multiple modes of INIs around approximately 25 s and 35 s. These recordings correspond to the INI distribu-
tion of BB doublets recorded off of Hawaii between November and April 2000-2001 and 2005-2006 by Oleson
et al. (2014). In that study, the authors describe a pattern of increasing INI in fin whale doublets from the summer to
fall, plateauing in the winter and early spring. Oleson et al. (2014) also note that there was more variability in the rate
of change and the potential for multiple bout types in Hawaii. In our data, the Hawaii fall (September and October)
bouts were distinctly different than the spring having different B units.
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FIGURE 10 Proportion of bout clusters within Eastern Gulf of Alaska by season. BrP = Brooks Peninsula,
CSJ = Cape St. James, CASO = Caamano Sound, Lan = Langara Island. Number in circle denotes total number of
bouts. Colors denote bout cluster number within each season as shown in Figure 8.

If consistent across years, the presence of these distinctive B-unit patterns could be useful for population assign-
ment. Fin whales are rarely sighted in Hawaiian waters and the true population size and boundaries are unknown,
although estimates from summer and fall surveys within the EEZ suggest there are fewer than 200 individuals
(Barlow, 2003; Bradford, Forney, Oleson, & Barlow, 2017; Carretta et al., 2018). It is also notable that similar B-unit
bouts were observed in the western Gulf of Alaska spring, northwest Pacific fall, central Pacific fall, and Monterey
Bay fall, and not observed in the Chukchi, Bering, or Aleutians. This suggests general connectivity among these
greater central Pacific regions, also supported by the close similarity of BC patterns in the cluster including in Monte-
rey Bay fall and NW Pacific spring (Figure 9).

Based on the results of genetic and photo ID analyses, there is strong evidence that there is a resident popula-
tion of fin whales in the Gulf of California (Bérubé et al., 1998; Bérubé, Urban, Dizon, Brownell, & Palsbgll, 2002;
Tershy, Urban-Ramirez, Breese, Rojas-Bracho, & Findley, 1993; Urban-Ramirez, Rojas-Bracho, Guerrero-Ruiz,
Jaramillo-Legorreta, & Findley, 2005). Sirovié¢ et al. (2017) describe long and short triplet songs recorded in the
Gulf of California that were not found in the southern California Bight. The INI distribution of their short triplet
(~5 s and 10 s) matches the INI distribution of the distinctive C sequences in our Gulf of California spring record-
ings. However, in our recordings this C sequence tended to more closely resemble a doublet pattern than a triplet.
The INI distribution of the second cluster of B sequences in our Gulf of California spring recordings (~25 s) match
that of the Sirovi¢ et al. (2017) “long singlet” pattern found in the southern Gulf of California and southern Califor-
nia Bight. In our data, this B singlet was most closely related to sequences from Monterey Bay and northwest
Pacific in the fall, suggesting that this pattern is either widespread across populations in the North Pacific, or that
there is some connectivity between the central and southern U.S. West Coast and southern Gulf of California and

the northwest Pacific.
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In the northernmost region of our study, the Chukchi Sea, fin whales produced a BCC triplet pattern in the fall
that was not observed elsewhere. There were also three bouts that were composed of BBB triplets with similar INIs
to the BCC triplets. These bouts were misclassified in the Random Forest model to the Bering Sea fall, which had
four similar but different BBB triplet bouts. Given the similarity of the INI distributions, the BBB and BCC triplets in
these regions may be alternate forms of the same call type. It is also notable that the C bouts in the Aleutian fall
recordings, with a relatively variable distribution of C INIs, are 100% diagnostic. They are very similar to the C bouts
in Bering Sea fall Cluster 2, which were misclassified to the Aleutians. In combination with the distribution of the
BBB and BCC triplets, this leads to a suggestion that in the fall there may be two different populations utilizing the
Chukchi and central Aleutians that mix to some degree in the southern Bering Sea. This is consistent with observed
movements of fin whales from the southern Bering Sea to the eastern Aleutians/Kamchatka as well as northward to
the central Bering Sea as revealed by Discovery tag recoveries (Mizroch et al., 2009).

Recordings from the eastern Gulf of Alaska off British Columbia suggest a complex pattern of structure. The
most common bout type in this region in both seasons was a BC doublet. The fact that BC doublets in spring and fall
in this region were most similar to each other suggests that this song changes little over the year. However, there is
also an indication of shifts in the overall composition of fin whales in this area. The C bout type present in the spring
recordings (EGoA spring cluster 3) was only found in the Brooks Peninsula. In the fall, this C bout was not observed
in Brooks Peninsula. However, a bout type composed primarily of Bs (EGoA fall cluster 3) was found in Langara
Island, Cape St. James, and Caamano Sound, but absent from Brooks Peninsula. This bout type is most similar to the
BBB triplets from the Chukchi and Bering fall recordings and has a multimodal INI distribution (Figures 8 and 9).

Our recordings from British Columbia are a subset of a larger data set previously analyzed by Koot (2015), which
included recordings from other sites including offshore seamounts. In that analysis, two types of BC doublet songs
were identified, a “Type 1" song with relatively long INIs (B-C interval > 20 s and C-B interval > 22 s), and a “Type 2"
with shorter INIs (B-C interval 8-18 s and C-B interval 14-20 s). The more numerous Type 2 song corresponds well
to bout cluster 1 in our EGoA spring and fall data. It is unclear if the Type 1 song is present in our data. In fig. 2-3 of
Koot (2015), there is a cluster of three Type 1 songs from Langara Island. In our analysis, Langara Island is represen-
ted by four bouts of the primarily B type song with INIs that correspond to those of the Type 1 song presented by
Koot (2015). A second cluster of Type 1 songs in Koot (2015) with larger INIs are found further offshore in record-
ings from Bowie Seamount to the north (which also has Type 2 songs) and Union Seamount to the south (which is
only composed of Type 1 songs). The INIs of both groups of Type 1 songs correspond to BC doublets found in the
Bering Sea, southern California Bight, and Hawaii by Oleson et al. (2014). Taken together, this suggests that while
inshore regions of British Columbia may host a resident population, the offshore areas are being utilized by whales
traveling from various distant areas as has also been shown with recoveries of Discovery tags (Mizroch et al., 2009).
Further, it suggests that the method used here, which includes notes, units, and bouts, is capable of identifying more
fine scale differences in acoustic behavior based on quantitative clustering of the data.

Our inclusion of a few recordings from the Southern Hemisphere for a comparison across ocean basins yielded
inconclusive results. There were three bout types identified in the Antarctic recordings, however, the multimodal dis-
tribution of INIs was very similar across all three. Two of the bouts were primarily BB doublets, having relatively
short intervals overall (10-15 s) and similar, but distinct intervals following each of the two notes. In the first combi-
nation, which contains both Bs and Cs, there does not seem to be a consistent pattern of which note precedes which
INI class. Thus, given that the intervals were so similar among these three bout clusters, one possibility is that the
bouts represent versions of the same song with different notes being substituted.

Koot (2015) found that the Type 2 songs from British Columbia were more similar to Southern Hemisphere
songs than were the Type 1 songs. This lead to a postulation that Type 2 singers were from a mitogenome clade
(Clade C) that originated from a mitogenome haplotype in the Southern Hemisphere approximately 370 KYA (Archer
et al., 2013). Although our study found no strong affiliation of Antarctic bouts with identified clusters in other
regions in the North Pacific, we note that there is overlap with the lower portion of the INI distribution of bout clus-

ter 3 in the eastern Gulf of Alaska fall recordings. This part of the distribution corresponds to recordings found in
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Caamano Sound and are likely to be the same Type 2 recordings that Koot (2015) describe as being similar to South-
ern Hemisphere song.

Recent studies have shown that North Pacific fin whale song is not constant throughout the year and has also
been changing over years. Oleson et al. (2014) describe an increase of BC doublet INIs of approximately 10 s from
September to December that occurs synchronously in several regions in the North Pacific, resetting again the follow-
ing spring. Additionally, Sirovi¢ et al. (2017) show that this annual change is occurring on a backdrop of a slower but
steady yearly increase in INI. Weirathmueller et al. (2017) found decadal changes in song type from singlet to doublet
songs as well as intraannual changes similar to those described by Oleson et al. (2014). It is generally accepted that
the regular sequences of 20-Hz singlets, doublets, or triplets, which are more frequently produced in the late fall and
winter, are produced only by males and have a function in mating (Croll et al., 2002; Oleson et al., 2014; Sirovi¢
et al., 2013; Watkins, 1981; Watkins et al., 1987). Given that the increase in doublet INIs also synchronously occurs
across the North Pacific during this time, it is likely to also be a feature of the mating display (Oleson et al., 2014).
Nonregular calls or sequences may be related to other functions such as social cohesion or feeding (Edds, 1988;
McDonald, Hildebrand, & Webb, 1995: Moore et al., 1998: Sirovi¢ et al., 2013).

Our fall (September/October) recordings were taken in months immediately preceding the annual INI increase
reported by Oleson et al. (2014) and our spring (February/March) recordings were from months immediately after
their peak. Overall, the data used in our study were collected randomly with respect to call type and content across a
range of years where available from the regions examined. Because we do not have a single year sampled for all
regions/seasons, nor the full range of years sampled for any single region, it is difficult to evaluate what effect these
observed seasonal and annual changes have on interpretations of our results. It is possible that at the extreme of
these INI shifts, bouts from the same area that are presumably being created by the same whales would be seen as
different. In our study, we observe no difference in the INI distribution of one cluster of BC doublet bouts between
spring and fall in the eastern Gulf of Alaska recordings, which suggests the possibility that the seasonally synchro-
nous change observed in other parts of the North Pacific (Oleson et al., 2014) may not occur in some subset of these
coastal British Columbia whales. Additionally, this shift has only been described in terms of a change in INI, not in
pattern. Thus, our metrics that quantify bouts in terms of note pattern composition alone would continue to show
similarity among calls throughout the INI shift. Although we did not do it here, it would be possible to compute simi-
larities based on metrics from note patterns alone separate from those based on unit patterns alone separately to
gauge the information content of INIs.

Our selection of calls within the same time frame from each year creates an unbiased snapshot of the acoustic
repertoire of fin whales in each region. It is this unbiased nature of the data that allows us to identify diagnostic
acoustic features that are potentially consistent over time, regardless of their behavioral context. We purposely
chose to analyze data from the same months each year to limit potential biases caused by seasonal changes in the
whales’ behavioral state. Further, we restricted analyses to loud distinct signals to reduce the influence of ambient
noise on the measurements. All data were decimated to the same sample rate and the same window size and overlap
were used to ensure that all measurements had the same resolution. We did not, however, correct for different
instrument type, deployment depth or water depth of the different locations. Instruments in shallow water or
bottom-mounted have the potential to record multipath arrivals which can complicate selecting the direct-arrival
pulse (McDonald & Fox, 1999; Weirathmueller et al., 2013, 2017), to reduce the likelihood of this, each measured
pulse series was examined for the presence of multipath arrivals.

Another finding that this study highlights is the importance of developing an automated classification scheme for
unigue note types based on their spectral characteristics. This proved to be a critical component as there was consid-
erable variation in the human analyst's determination of note types across regions with respect to the clustering of
their spectral features. In some regions, like Hawaii, where Bs predominated, the analyst believed that a majority of
notes were Cs. This may reflect preconceived expectations about the overall frequency of Bs in fin whale calls in the

face of sequences of very similar repeating notes. This is supported by the observation that a majority of the
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discrepancies in all regions were of analysts labelling notes as Cs that clustered as Bs. This can have an important
effect on interpretation of patterns of variability among regions. For example, in the eastern Gulf of Alaska, where
both note types occur at more equal frequencies, the discrepancies were more even. However, we still see a differ-
ence in the types of eastern Gulf of Alaska bouts present in each season depending on if the notes were manually
designated or designated based on Density Clustering. The “Type 1" BC doublet reported by Koot (2015) may actu-
ally be a much more distinct BB doublet that would suggest greater degree of differentiation among whales found
around British Columbia.

Although we have avoided characterizing the Density Clustering note determination as “correct,” the evidence
from the Random Forest model is that this process produces a more consistent determination than the analyst with
little error (0.7%). Given that this model was based on a relatively large number of notes (n = 10,486), the results are
expected to be robust. Thus, we strongly advocate that in future studies notes be classified in an objective and
repeatable manner. Use of the model we developed in this study would make analyses of new data more consistent
and comparable with those here.

The goal of this study was to produce a robust methodology for measuring and identifying the temporal structure
of fin whale sequences to examine population identity in fin whales, but information on the timing of these acoustic
units in sequences may eventually be used to provide insights including identity or fitness of individuals
(Kershenbaum et al., 2016). This analytical approach may not be as appropriate for studies of species where calls
and/or acoustic sequences are more complex, and biologically meaningful information is codified in the calls them-
selves rather than in the time intervals, where the drivers of variability are somewhat better understood, such as
humpback whales (Garland et al., 2013; Rekdahl et al., 2018). In these species, other methods such as photo-
identification of individual animals for mark-recapture population estimates and migratory patterns (Barlow et al.,
2011; Smith et al., 1999; Stevick et al., 2003) and genetic data for migratory patterns and feeding ground philopatry
(Baker et al., 1986, 2013) provide useful information on structure and patterns of connectivity.

In summary, we have shown that our full characterization approach is a useful and informative way to standard-
ize comparisons of fin whale bouts across multiple regions and seasons. This analysis also suggests some hypotheses
of population structure and connectivity across the north Pacific that can be further tested with genetic data, or
extended acoustic data sets. Finally, the degree of variability in the calls in this study suggests that future biopsy
efforts should strive to collect acoustic recordings at the same time. Building a paired set of the two data streams will
greatly enhance interpretation of currently available acoustic and genetic data and likely lead to more informative

new mixed analyses.
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