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Abstract

Defining a comprehensive signal repertoire is an important step to understanding a vocal
communication system. In this thesis, I investigate the vocal repertoire of a well-investigated
model system in ethology: the greylag goose (Anser anser). I used a large dataset of
vocalisations collected over the last four years from a free-living population of greylag geese
to investigate the acoustic structure of this species’ vocal signals. To this end, I extracted four
different types of data representations, which were projected into two dimensions using
UMAP, and then clustered using two commonly used methods. In addition, I applied a
graph-based clustering approach — Leiden community detection — which, to my
knowledge, has not previously been used in bioacoustics. The analyses revealed a partly
graded vocal repertoire broadly matching early descriptions of the calls present in the dataset.
Audio feature vectors, rather than more commonly used spectrographic representations,
revealed clusters most congruent with human labels and offered the most detailed
visualisation of the acoustic space. Leiden performed comparably to established approaches
but matched the number of human-defined classes closest, with less variable results. These
findings highlight the impact that data representation can have in repertoire analysis and

provide a quantitative characterisation of the greylag goose vocal repertoire.



Zusammenfassung

Die Definition eines umfassenden Signalrepertoires ist ein wichtiger Schritt zum Verstidndnis
eines vokalen Kommunikationssystems. In dieser Arbeit untersuchte ich das Rufrepertoire
eines hdufig untersuchten Modellsystems in der Ethologie: der Graugans (4Anser anser). Ich
nutze dazu einen groBen Datensatz von Vokalisationen, die in den letzten vier Jahren von
einer freilebenden Population von Grauginsen aufgenommen wurden, um die akustische
Struktur der Lautsignale dieser Art zu untersuchen. Zu diesem Zweck extrahierte ich vier
verschiedene Datendarstellungen, die ich mit Hilfe von UMAP in zwei Dimensionen
projizierte und mit zwei gingigen Methoden clusterte. Dariiber hinaus wandte ich einen
graphenbasierten Clustering-Ansatz - Leiden Community Detection - an, der meines Wissens
bisher noch nicht in der Bioakustik verwendet wurde. Meine Analysen ergaben ein teilweise
abgestuftes Gesangsrepertoire, das weitgehend mit friihen Beschreibungen der Rufe im
Datensatz {libereinstimmt. Statt hdufiger verwendeten spektrografischen Reprisentationen
ergaben Audio-Feature-Vektoren Cluster, die am stirksten mit den menschlichen
Bezeichnungen {ibereinstimmen, und erlaubten die detaillierteste Visualisierung des
akustischen Raums. Leiden schnitt vergleichbar mit etablierten Ansétzen ab, entsprach aber
der Anzahl der vom Menschen definierten Klassen am ehesten, wobei die Ergebnisse
auBBerdem weniger variabel waren. Diese Ergebnisse verdeutlichen den Einfluss, den die
gewihlte Darstellung der Daten in der Untersuchung von LautduBerungsrepertoires haben

kann, und bieten eine quantitative Charakterisierung des vokalen Repertoires der Graugans.



1. Introduction

The study of non-human communication systems presents a multitude of challenges, starting
with the definition of their signals. While trying to understand these systems, for which
first-hand knowledge and insight into the Umwelt is limited, researchers have traditionally
drawn conclusions based on extensive behavioural observations, which are highly dependent
on our own sensory and lived experiences. This subjective element increases the likelihood of
observer bias [1], and partial or invalid conclusions. Manually scanning large amounts of data
can reduce bias to some extent [2] but can require impractical amounts of time. Modern
machine learning (ML) approaches provide a possible solution, potentially allowing less
biased and more comprehensive explorations of large datasets for the study of animal

communication.

In the last years, ML methods have been increasingly used to study non-human animal
communication to determine signal boundaries and classes, with a strong emphasis on the
vocal modality. The term ML covers a variety of methods that have been useful for analysing
bioacoustic data. For example, Martin and colleagues [3] combined latent projections of a
distance matrix of calls with a hierarchical clustering algorithm, which allowed them to
analyse a large dataset of rook vocalisations (Corvus frugilegus) and uncover different
repertoires for each sex. Elie and Theunissen [4] analysed the zebra finch (7aeniopygia
guttata) vocal repertoire based on four different data representations using supervised and
unsupervised algorithms. This approach permitted the authors to quantify the acoustic
characteristics of the different call types in detail. Goffinet and colleagues [5] showed that
features taken from the latent space of a variational autoencoder (VAE, a deep learning
approach to encoding and decoding data) [6] trained on spectrograms outperform

hand-picked features when analysing zebra finch and mouse (Mus musculus) vocalisations.



But, as with any tool, ML methods only provide meaningful results when applied to the right

task in an appropriate manner.

The outcome of ML analyses may depend on the representation of the data, the size of the
data set, and the selected parameters and algorithms [7,8]. Sainburg, Thielk, and Gentner [7]
reviewed common dimensionality reduction and clustering algorithms, identifying
combinations of Principal Component Analysis (PCA) and Uniform Manifold Approximation
and Projection (UMAP), which are used to reduce the number of dimensions of the data, with
Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN), a
hierarchical clustering algorithm, to produce clusters best matching hand-labelled call classes
in two songbird species. Stowell [9] examined frequently used deep learning architectures
and points to the potential of newer Transformer models that include an ‘attention’ layer as
well as automated model design as with the Python framework AutoKeras for classification
tasks [10]. However, only a few studies have reviewed the role of input data preprocessing

and representation on model performance [11-13].

The vocal communication of the greylag goose (4Anser anser) is a promising application area
for ML methods. The species is highly social, vocally active, and has been a model system in
ethology since the field’s early days [14]. Greylag geese are waterfowl of the family
Anatidae, which have an anatomically simple vocal apparatus with a mostly straight trachea
and slight sexual dimorphism [18,29,30]. Greylag males typically vocalise at a higher pitch
than females. Wiirdinger [18] found that females have asymmetrical tympaniform
membranes, with larger inner membranes than outer ones, in contrast to males. Additionally,
males were found to have a smaller clavicular air sac than females. Different anatomical

studies and experiments with excised vocal apparatuses in other Anser species determined the



tympaniform membranes to be the source of vocalisations in the genus [18]. Wiirdinger [18]
found the stress on the tympaniform membranes and resulting fundamental frequency to be
related to the pressure in the clavicular air sac. Wiirdinger found multisyllabic calls to have
lower fundamental frequencies, ascribing this to the distributed pressure of the clavicular air
sac over the longer vocalisation interval. In addition to the fundamental frequency, the
formant distribution can be adjusted via the tracheal musculature, which alters the length of

the trachea [18,31].

The vocal characteristics of the greylag goose have been described impressionistically since
the beginning of the 20th century. Heinroth [15] first described seven different call types of
the adult greylag goose in 1910: (1) The distance call (“Lockton”) is described as a nasal
“gagagag” with an emphasis on the first syllable. This call is described as having individual
vocal differences and is produced when partners or families seek out each other from greater
distances or without visual contact. (2) The contact call (“Unterhaltungston” or
“Stimmfiihlungslaut” in [18]) is described as a nasal “gangangang” of 3 to 7 syllables and
produced in close proximity to the partner when foraging or walking on foot. (3) Heinroth
thought the recruitment call (English name given by [20]) derived from the contact call with
rising arousal of the caller: A call similar to the contact call, but with a more distinct syllabic
pattern, that is emitted before taking flight. The recruitment call is often described to be
accompanied by a distinct head shaking behaviour (e.g. [17]). (4) A call that is produced
before a greater distance is covered on foot is described by Heinroth as a quickly repeated
“djirb-djarb”. Lorenz [16] described this call in terms of context but does not give an auditory
description, naming it the locomotion call. (5) The alarm call (“Schreckruf”) is described as a
short, nasal “gang” that is often followed by the flock fleeing to a nearby body of water. (6)

“Hissing”, the sixth call that Heinroth described, which is elicited when a goose is very
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closely approached, is a broadband nonvocal sound. (7) Finally, the triumph call, a ‘blaring’
that is repeated continuously and turns into a less intensive nasal “gangangangang”, which is

produced when an individual returns to their mate after displacing a conspecific.

Fischer [17] calls Heinroths triumph call “rolling” call and describes it as a combination of
contact and distance calls, that is not only produced on return to the partner but also when
displacing a conspecific. Fischer described an additional call that is uttered after the partners
have reunited in triumph: “Cackling”, described as fast polysyllabic bout calls of varying
loudness. Fischer further lists nest calling as a vocalisation that includes alarm and
locomotion as well as rolling calls. She places the adult call types on a spectrum of rising
intensity between the contact call and pressed cackling. Fischer distinguishes cackling from
pressed cackling through the posture of the neck, which is described to be bent concavely to
the ground. Lorenz differentiates the contact call from the greeting call, described as a higher
intensity contact call with a distinct posture and adds several other call types from
impressionistic observations (e.g. [16]). Overall, Lorenz [14,16] impressionistically described
roughly 11 mostly multisyllabic calls in terms of structure and context, with the number of
syllables being given considerable weight. Later, Wiirdinger [18], ten Thoren and Bergmann

[19], and others [20] (as cited in [19]) added to these descriptions.

More recently, both experimental playback and more quantitative behavioural investigations
into the species’ vocal identity have been conducted: Guggenberger and colleagues [21]
found that the distance call has individually different call structures and is recognised by the
caller’s partner in a playback experiment. Weinhdupl [32] found differing call characteristics
between individuals’ departure calls as well as vocal differences between sexes. Lesigang

([33], in preparation) extends these findings, identifying vocal identity signatures in the
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departure call through discriminant function analysis and vocal individual recognition in
playback experiments. K&rmer [22] identified individual structural variation in the affiliative
contact calls. Lesigang and colleagues (in preparation) found that more contact calls were
emitted during locomotion and by partnered individuals, with respective partners responding
to these calls more often than other members of the flock. Policht and colleagues [34] found

vocal identity encoded in hissing vocalisations in the domestic subspecies of Anser anser.

Here, I aimed to quantitatively investigate the structure of the greylag goose vocal repertoire
using modern ML approaches. I extracted three types of data representations from a manually
labelled dataset of syllable-level vocalisation segments with varying loudness: (1) a set of 23
audio feature vectors, (2) linear frequency-scaled spectrograms, and (3) linear frequency
cepstral coefficients (LFCC), which quantify the gross shape of the spectrogram.
Additionally, I used the computed spectrograms to train a convolutional variational
autoencoder (VAE) and used its latent vector as a fourth distinct type of data representation.
The dimensionality of all four representation types was reduced to two dimensions using
UMAP, before clustering the data with two common approaches: k-means, a non-hierarchical
centroid-based clustering algorithm, and HDBSCAN. Additionally, a third, graph-based
algorithm was applied to the nearest neighbours graph directly: Leiden community detection
[23]. T predicted that automatically detected clusters will match those generated by human
observers in terms of the number of classes and the identity of calls within the class.
Additionally, I hypothesised that the acoustic space has a graded morphology, in line with
descriptions from the early literature [17]. I predicted UMAP projections of spectrograms
grouped using HDBSCAN to be most congruent with human labels, as Sainburg and
colleagues [7] found in songbirds. The results promise insight into how different approaches

to data representation may influence the performance of current ML methods, along with a
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comparison of different methods. Finally, to my knowledge, this is the first machine-learning

based analysis of a vocal repertoire using Leiden community detection.
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2. Materials and Methods

2.1 Study system and site

The study population for this thesis is a free-flying flock of greylag geese (Anser anser) at the
Konrad Lorenz Research Center in Griinau im Almtal, Austria. The flock was introduced to
Griinau im Almtal in 1973 by Konrad Lorenz with long-term research continuously ongoing
since then, including individually color-banded and marked birds, and collection of
behavioural and life history data, with regularly updated data on individual behavioural

differences, social networks, and life histories [24—-28].

The flock is non-migratory, habituated to humans, and food-supplemented twice a day at 8
am and between 4 pm and 7 pm at Auingerhof, Griinau im Almtal (47°48'49.7412” N,
13°56’51.72” E). After the morning feeding, individuals fly in groups to the nearby
Cumberland Gamepark (47°48°37.6704” N, 13°56'53.9196” E) where they may receive food
from visitors of the park. After the afternoon feeding, they move to Lake Alm (47° 45'
12.1356" N, 13° 57' 24.9948" E), Oberganslbach (47° 47' 36.762" N, 13° 56' 57.2316" E), or
the Gamepark to sleep. Data collection took place September 2020 to September 2024. Table

1 summarises information about the flock.

2.2 Data collection

The Konrad Lorenz Research Center has gathered an archive of audio recordings containing
information on the identity of the calling individual and the attributed call type since 2020.
The original dataset collected from this population contained 11,015 WAV files labelled with
caller identity, call type, location and time, specifications concerning the recording gear, and

sometimes behavioural context. The recordings were collected between September 2020 and
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November 2023 at Auingerhof, Oberganslbach and the Cumberland Gamepark. Sampling
rates ranged between 44.1 and 48 kHZ at 16-bit-integer to 32-bit-float quantisation.

Because the original dataset had strongly differing sample sizes for the different call types, it
was expanded for this study with more targeted audio recordings of alarm and triumph calls.
This additional data collection took place in March, August and September 2024 at the
locations described above. Vocalisations were recorded in an opportunistic manner at a
distance between 2 and 5 meters from the vocalising individual using a Sennheiser MKE 600
directional microphone (Sennheiser electronic SE & Co. KG, Germany) attached to a Zoom
F3 (32-bit-float quantisation at 48 kHz) or H5 field recorder (24-bit-integer quantisation at 48

kHz) (Zoom Corporation, Japan).

2.3 Segmentation

All recordings were sub-divided by hand into smaller audio tracks containing a single call
type with one or more utterances using Audacity version 3.4.0 (Audacity Team, 2023). The
tracks in the database were downsampled to 44.1 kHz to achieve consistent sampling rates,
and quantisation was set to 16-bit. Subsequently, the noise of all sound files was reduced
through a spectral gating approach using the Python package ‘noisereduce’ [35] after
applying a 0.2 to 16 kHz bandpass filter (SciPy, version 1.14.1, [36]). Since the original
segmentation was performed by several researchers with different preprocessing of call
segments, new clips were extracted from the noise-reduced original tracks. To make
re-segmenting of more than 11,000 calls feasible, this was done semi-automatically, using
spectrogram cross-correlation to detect the original segment boundaries in the original track
and exporting detected timestamps with the original call type label from the database. Call
type annotations as well as segmentations were then manually verified in Raven Lite version

2.0.5 [37]. This approach ensured consistent segment boundaries, preprocessing, as well as
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call categorisation. All segments containing overlapping vocalisations, high levels of
remaining noise, or unclear call type labels were excluded. Further processing was

accomplished using Python (version 3.11.10).

2.4 Preprocessing

Each segment was individually peak normalised to prevent the influence of varying recording
distances, although call types may have consistently different loudness levels among them.
Then, leading and trailing silences were cut using a threshold of 35 dB SPL down with the
trim function in the Python package ‘librosa’ (version 0.10.2, [38]) to ensure consistent
segmentation. The final dataset contained single syllables of 6906 calls belonging to six call
types in total, with 94 human-labelled as alarm, 1607 contact, 992 departure, 494 distance,
3325 recruitment, and 394 triumph calls of durations between 0.037 and 1.1 seconds. Figure
1 shows example spectrograms of these different call types. This imbalance in number of
calls results from some call types being uttered much more frequently, but is also an artefact

of data collection targeting specific call types.

2.5 Feature extraction

The data were represented in four ways: (1) vectors of 23 audio features (see below), (2) 64
linear frequency cepstral coefficients (LFCC), (3) Fourier transformed linear frequency
spectrograms, and (4) latent vectors of length 128 from a variational autoencoder trained on
spectrograms [6]. For the spectrogram-based representation types, the segments were
zero-padded logarithmically to the same length of logarithmically scaled durations to account
for the large difference in call lengths. For this, the duration of the call segments was

log-rescaled and then zero-padded to the length of the longest call segment.
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Figure 1 Spectrograms of example calls for the different call type classes. Alarm and departure as
well as contact and recruitment calls are structurally very similar. Triumph calls vary in length
substantially. Tonality varied internally in some of the classes (e.g. see triumph call examples).
Spectrograms were computed using /ibrosa.stft with a Hann window of size 512 samples and an
overlap of 90%.
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2.5.1 Audio Feature Vectors

From the audio segments, eight temporal, nine spectral, and six spectro-temporal features
were extracted using the Python packages ‘numpy’ (version 1.26.4, [39]), ‘SciPy’ (version
1.14.1, [36]), ‘librosa’ (version 0.10.2, [38]), and ‘parselmouth’ (version 0.4.5, [40,41]). All
extracted features, details on their calculation and the specific python packages used are listed

in supplementary table S1.

2.5.2 Linear-frequency Cepstral Coefticients

LFCCs were calculated using the transforms.lfcc function of ‘TorchAudio’ (version 2.2.1,
[42]) with a maximum frequency of 10 kHz, Hann window of size 512 (12 ms) with a 60%
overlap and a linear filter bank of 128 triangular filters. The calculation of the cepstral
coefficients quantifies the gross shape of the spectrum, and is well-suited for formant
analysis. However, its performance on data with a low signal-to-noise ratio has proven to be
disadvantageous [43], and considerable fine spectral structure is discarded through the

calculation.

2.5.3 Spectrograms

Linear frequency scale spectrograms were computed using /ibrosa.stft with a Hann window
of size 512 samples and an overlap of 90%. These spectrograms were transformed to
two-dimensional arrays with min-max-scaled pixel values between zero and one. Because
little energy was left in the upper 30% of rows, these were cut out, resulting in an array size
of 44x170. All of the above data representations were scaled using the class ‘StandardScaler’
of the preprocessing package in the ‘scikit-learn” Python module (version 1.5.2, [44]) before

further analysis.
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2.5.4 Variational Autoencoder

Finally, the extracted spectrograms were used to train a convolutional variational autoencoder
(VAE) with a latent vector of size 128. Autoencoders [6] are neural networks that learn
features, primarily from unlabelled data (unsupervised learning). They encode and decode the
original data, mapping it to a lower dimensional latent vector before reconstructing it back to
a higher dimension [6]. The reconstruction error, obtained by comparing the input and output
layer (usually L2 loss or mean squared error, hereafter MSE), is used to measure the model’s
performance and adjust the network’s weights during training. The latent vector of the trained
model can be used as a lower dimensional representation of the data for further analysis. In a
VAE, the latent space is modeled using a probabilistic distribution, leading to not one but two
latent layers representing mean (p) and standard deviation (o) [45]. The latent representation
vector z is sampled from this Gaussian distribution. To allow adjusting the network’s weights
during  backpropagation despite this non-differentiable sampling process, the
reparameterization trick is used: we do not sample z directly but introduce a random variable
€ to compute

Z=u+ 0-€ (1)
effectively separating the stochastic sampling from the parameters p and o, allowing the
adjustment of the gradients during training. The loss function to optimize the model is
expanded with the Kullback-Leibler divergence [46], to allow comparing the normal

distributions, while the MSE remains as a measure of input and output similarity.

Autoencoders have various applications including noise reduction, generation of new data or,
as mentioned above, dimensionality reduction. Several studies in bioacoustics have
successfully used autoencoders to reduce the dimensionality of analysed dataset: Best and

colleagues [47] find that clusters of datasets for which the dimensionality was reduced with
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an autoencoder and UMAP match hand-labelled classes of different species’ call
classifications closely. Bergler and colleagues [48] classify calls of orcas (Orcinus orca)
using data reduced with an autoencoder. Rowe et al. [49] use a similar approach, reducing
representations extracted from an autoencoder further with t-SNE, to classify bird species
from vocalizations. It is worth mentioning that in all the studies above, the autoencoders were

trained using spectrograms.

For this study, the VAE was constructed using the package ‘PyTorch’ (version 2.4, [50]) with
a decoder of five convolutional and two fully connected layers (see Supplementary Figure S1
for detailed description). To simplify the layer design, spectrograms were resized to 32x128
pixels using transforms.resize of the ‘TorchVision’ package (version 0.17.1, [51]). To ensure
the possibility of future data generation, but weighting a more detailed representation higher
than a continuous latent space for clustering, I used the sum of the full MSE plus 10% of the

Kullback-Leibler divergence as the loss function.

2.6 Feature embedding

For the clustering pipeline, I employed the entire dataset, along with random subsets of sizes
up to 50, 100, 200, and 500 per human-labelled category for every representation type. Due
to insufficient sample size, the category ‘alarm’ was discarded for the subset sizes of 200 and
500. These datasets were randomly drawn and analysed 50 times for each subset size to
estimate random error. In addition to the randomly drawn subset sizes, the pipeline was run

only five times with the entire dataset, due to computational time constraints.

The dimensionality of the different datasets was reduced for every representation type using

UMAP: first, nearest neighbour graphs were extracted based on Euclidean distance using the
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Python package ‘umap’ (version 0.5.6, [52]). The argument n_neighbors was set to 20% of
the subset size or 100 when using the entire dataset. The same package was used to then
embed the resulting graphs into two dimensions with the argument min_dist = 0, as advised

for clustering by [53].

2.6.1 UMAP

UMAP is a feature extraction approach that maps the structure of the original data into a
lower dimensional latent space, combining the original features of the data in a nonlinear
fashion. Each resulting dimension in the new latent space represents a feature. This allows
preserving much of the structure and variance of the original dataset without the need for
prior assumptions about the character of the relationships within the data [7]. The algorithm
finds a graph approximation of the data, which is then projected into a lower dimensional
space using a Riemannian metric by which the data is uniformly distributed in the manifold
[52]. To do this, the weights of edges of the graph represent the probability that the nodes are
connected. This probability is calculated using a varying radius based on a predefined number
of nearest neighbours k, resulting in the parameter k defining how much of the local and
global structure will be preserved in the projection of the data. Higher values of k lead to
more of the global structure being conserved in the projection. The lower dimensional
projection of this graph is optimised using stochastic gradient descent to reduce the cross
entropy between the original graph’s structure and that of the projection. The parameter
minDist specifies how far apart connected embeddings can be in the embedding space. In
comparison to t-SNE [54], another commonly used graph-based dimension reduction
algorithm, this holds several advantages: (i) The hyper-parameters k and minDist are more
interpretable, (i1) the algorithm preserves more of the global structure, (ii1) computation is
faster, (iv) reduction of much larger datasets is possible with (v) no restrictions on the original

number of dimensions [52] and (vi) the algorithm is less sensitive to noise [7].

21



2.6.2 Hopkins statistic

The resulting projections of the data were compared to random distributions using the
Hopkins statistic as described in Hopkins and Skellam [55] (custom code, Python 3.11.10).
The Hopkins statistic compares the distribution of a dataset to that of a randomly sampled

dataset and is calculated as

H=—"—— )
24wy

1

where d is the dimensionality of the data, m is a subset of the data (commonly not higher

than 10%, [56]), u, is the distance of a point in the randomly sampled dataset to its nearest
neighbour in the real dataset and w, is the distance of a point in the real dataset to its nearest

neighbour. The randomly sampled dataset spans the space defined by the real dataset. The
resulting value lies between 0 and 1. Based on the assumption that distances between nearest
neighbours in a clustered dataset will be smaller than those in the randomly sampled dataset,
a value close to 1 indicates clustered data whereas a value of 0.5 indicates randomly
distributed data. I chose a subset size of 7% of the dataset due to the high number of

datapoints.

2.7 Clustering

Subsequently, three clustering algorithms were applied: k-means [57], HDBSCAN [58], and
Leiden community detection (hereafter: ‘Leiden’) [23]. Leiden was applied to the nearest
neighbours graph directly, whereas k-means and HDBSCAN were used to cluster the

two-dimensional UMAP projections.
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2.7.1 k-means

The k-means algorithm [57] generates a given number k of clusters by assigning data points
to clusters using the mean of each cluster in an iterative manner. k-means was implemented
using the Python package ‘scikit-learn’ (version 1.5.2, [44]). The number of clusters was
varied between two and 45, and finally set to obtain the highest silhouette score (see below),

while keeping the default values for all other parameters.

2.7.2 HDBSCAN

HDBSCAN [58] is a hierarchical density-based clustering algorithm, based on DBSCAN.
The DBSCAN algorithm allows assigning data points to an unidentified number of possibly
non-spherical clusters, by calculating the number of neighbouring points in a defined radius
epsilon and assigning data points above a chosen threshold count of neighbours to a cluster.
In HDBSCAN, the radius is varied and the most stable clusters are chosen as the final
clusters. I used the Python package ‘hdbscan’ (version 0.8.39, [60]) to implement the
algorithm, setting min_cluster size to 1% of the dataset, leaving the threshold
cluster selection_epsilon at 0 to receive the original HDBSCAN results, and optimising the
parameter min_samples to maintain the highest silhouette score [59] (scikit-learn.metrics,

version 1.5.2 [44]).

2.7.3 Leiden community detection

Leiden [23] finds partitions of a graph, optimising its modularity. Modularity compares the
number of in-community edges in the graph to the expected value of in-community edges in
the same community division with random connections [61]. Leiden was applied using the
Python  package  ‘leidenalg’ (version  0.10.2, [23]) with partition type
ModularityVertexPartition. The nearest neighbours graph obtained from UMAP was

transformed using ‘igraph’ (version 0.10.15, [62]).
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2.7.4 Silhouette score

I used the silhouette score [59] to assess how well-clustered together data points belonging to
the same class were, as well as the most likely number of clusters. To calculate this metric,

silhouette coefficients of each data point in the clustered dataset are calculated as follows:

1. Calculate the average euclidean distance between the datapoint and all other data

points in the same cluster (ai)

2. Subtract the euclidean distance of the datapoint to its nearest neighbour in a different

cluster (bi)

3. Divide the resulting value by the maximum value of 1) and 2).

The silhouette coefficient for each data point is calculated as:

b—a
L L

§ = ——_ 3)

i max(al_—bi)

The resulting silhouette coefficient ranges between -1 and 1. The value is highest when the
distances within the cluster are much smaller than that to the next cluster, implying a good
clustering, whereas the data point may lie between clusters, yielding a value around 0. With a
value approaching -1 the point would fit the neighbouring cluster better than the one it is

currently assigned to. The silhouette score is finally the mean of all silhouette coefficients.

2.7.5 V-measure

All resulting clusters were compared to human labels wusing V-measure [63]
(scikit-learn.metrics, version 1.5.2 [44]), which is the harmonic mean of homogeneity and
completeness measures. Homogeneity measures what proportion of clusters contain only data
points with the same label, while completeness measures if all members of the same class are

also members of the same cluster. Subsequently, the V-measure is then calculated as follows:
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vV = (1+ B) -homogeneity -completeness (4)
- B -homogeneity+completeness

I chose B = 1 to weigh homogeneity and completeness equally. V-measure, unlike other
metrics like the adjusted Rand index [64], is independent of the number of datapoints,

clusters and classes [63].

2.7.6 Adjusted Rand index

The adjusted Rand index (scikit-learn.metrics, version 1.5.2 [44]) was computed in addition
to the V-measure, to take another commonly used metric of clustering accuracy into account.
As the V-measure, the adjusted Rand index can be used to compare two groupings or human
labelled classes to unsupervised classifications. The Rand index can be calculated by taking a

pair of data points and comparing their classification in both groupings:

a+b

R =" (5)

Here, a is the number of data point pairs that belong to the same cluster in both of the
compared groupings, b is the number of data point pairs belonging to different clusters in
both groupings, and N is the total number of data point pairs [65]. This is adjusted for the
possibility of the clusterings overlapping by chance as follows, obtaining the adjusted Rand

index:
_ RI-E(R)
Adj.RS = TE® (6)

Here, E(R) is the expected Rand index, if the partitions of the clustering are taken randomly

while keeping the same marginal clustering distributions [66].

2.8 Classification

To gain more detailed insight into the acoustic characteristics of the call types as well as to

check the validity of the class distinctions, I trained a Linear Discriminant Analysis (LDA)
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[67] classifier on the audio feature vectors using ‘scikit-learn’ with a least-squares solver,
leaving all other parameters at their default values. LDA maximises the ratio of between-class
to within-class variance by identifying linear combinations of features that separate the given
classes. The model was trained on a subset of the original dataset with class sizes capped at
500 of which 20 % were set aside for testing. The f1 score, a common measure for predictive
performance, was used for evaluation and tested against chance using a permutation test with
500 permutations and five-fold stratified cross validation with non-overlapping groups.

Figure 2 provides a comprehensive overview of the analysis pipeline.

Classifier

Hand-picked
audio features

UMAP embedding

signal }_} Cepstral Co- NN graph

efficients

HDBSCAN

Leiden

Fourier transform

L VEA

Figure 2: Analysis pipelines for the audio data: Raw data was transformed into linear frequency

spectrograms, linear frequency cepstral coefficients and audio feature vectors. Additionally,
spectrograms were used to train a variational autoencoder. Of all representations, a nearest neighbours
graph was extracted and either used to embed the data into two dimensions using UMAP, or fed into
Leiden community detection. All resulting embeddings were then clustered using k-means and
HDBSCAN. This pipeline was applied to random subsamples of the original dataset with class sizes
of up to 50, 100, 200 and 500 (resampled 50 times each). Graphs were computed based on Euclidean
distances and alarm calls were excluded at maximum subset sizes of 200 and 500 due to insufficient
sample sizes.

26



3. Results

3.1 Repertoire structure

The UMAP embeddings of all four data representation types exhibited Hopkins scores
indicating non-random distributions (range 0 to 1, with higher likelihood of random
distribution at 0). The Hopkins scores for each representation were as follows: audio feature
vectors: .94 + .03, LFCCs: .99 £ .01, spectrograms: .94 £ .02, VAE latent vectors: .97 £ .01 (
H + SD). While the visualizations appear very different, several regularities are present.
Visually, sample embeddings from the contact and recruitment call classes substantially
overlapped in all representations except for the audio feature vectors (see figure 3). Similarly,
audio segments labelled as triumph calls spread over the entire embedded space, with the
exception of the call type ‘contact’ in embeddings of audio feature vectors, with which
generally no overlap was visible. Distance calls were clearly distinctive visually in all

embeddings, as was a subgroup consisting of the departure and alarm call classes.

3.2 Call type classification

The six human-assigned call types were classified using LDA. This revealed that the call type
classes exhibited the most variation in regards to temporal features (temporal entropy and
median, duration, third temporal quartile), as well as spectrographic and power spectral
entropy. Figure 4 shows the feature coefficients of the fitted LDA sorted by variance
(additionally, see supplementary figures S3 and S4). The model had an overall acceptable
performance with an fl score of .67, which is significantly above chance (p = .002,
permutation test, permuted 500 times). Class level fl scores were as follows: alarm: .17
(support = 19), contact: .64 (support = 100), departure: .82 (support = 100), distance: .91

(support = 99), recruitment: .59 (support = 100), triumph: .50 (support = 79). The LDA was
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unable to classify two classes: Only 11 % of alarm calls were assigned correctly, whereas
74 % of them were classified as departure calls. 46 % of triumph calls were correctly
labelled. The remaining calls of this category were assigned to the category ‘recruitment’ by
20 %, ‘contact’ by 15 %, ‘departure’ by 11 %, ‘distance’ by 5 %, and ‘alarm’ by 3 %.
Moreover, ‘contact’ and ‘recruitment’ classes were interchanged at rates of 63 % against 29

% (human label: contact) and 62 % against 22 % (human label: recruitment). For more details

see supplementary figure S2.
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Figure 3 Example UMAP projections of the audio segments based on different representations with
subset sizes of up to 100 calls per class. Colours represent hand-labeled class identities. Recruitment
(purple) and contact (orange) call categories were only separated in the acoustic space when
embedding audio feature vectors (top left). Embeddings of spectrograms and VAE latent vectors (right
column) mostly lead to three structural subgroups: (1) mostly distance calls (red), (2) mostly alarm
(blue) and departure (green) calls and (3) recruitment and contact calls as well as the biggest
proportion of triumph calls (brown). Embeddings of LFCCs (bottom left) mostly lead to distributions
approaching one dimension with varying numbers of subgroups.
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3.3 Number of predicted call type classes

When clustering the data embeddings with k-means, HDBSCAN and Leiden community
detection, the overall mean number of predicted classes was 6.98 * .15 (mean * SE, median:
5) overall. The number of clusters detected was highly variable across algorithms for audio
feature vectors and LFCC representations, ranging from two to 59 predicted classes, whereas
the groupings from spectrogram and VAE vectors ranged between two to seven (spectrogram)

and two to ten (VAE vectors) predicted classes (figure 5, supplementary table S2).

Groupings detected with Leiden exhibited less variation (n = 6.53 £ 1.19, mean + SD) across
representations than those detected using HDBSCAN and k-means (HDBSCAN: n = 8.93 +
11.22, mean + SD, k-means: n =5.46 £ 5.73). HDBSCAN classified the data represented by
audio feature vectors into more groups than k-means and Leiden, with highly variable results
(k-means: n =4.70 £ 1.21, HDBSCAN: n = 11.53 £ 10.31, Leiden: n = 6.60 * 0.68, mean *
SD). When clustering LFCCs, both k-means and HDBSCAN produced highly varying results
for the different dataset sizes, in contrast to Leiden (k-means: n = 11.87 * 8.48, HDBSCAN:
n = 18.15 £ 15.39, Leiden: n = 7.91 £ 1.14, mean = SD). All other results for the k-means
clusters ranged from two to four (spectrograms) or two to three (VAE latent vectors) groups.
Leiden predicted between six and nine communities overall for audio feature vectors as well

as five to seven with both spectrograms and VAE latent vectors.

Silhouette scores of the clustered data, which measure how well clustered together data points
of the same class are, exceeded zero for all representations, but stayed well below the
possible maximum of one: audio feature vectors: .23 + .02, LFCCs: .37 £ .02, spectrograms:
21 = .01, VAE latent vectors: .25 £ .03 (s £ SD, range: -1 to 1). Similarly, modularity values

for communities detected using Leiden were as follows (range 0 to 1): audio feature vectors:
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.68 £ .01, LFCCs: .78 = .02, spectrograms: .63 = .01, VAE latent vectors:
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Figure 4 Feature coefficients per call type category obtained from LDA and sorted by variance.
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Figure 5 Number of predicted classes for different data representations and algorithms. Whiskers
indicate data lying within 1.5 interquartile ranges of the upper and lower quartiles. The data was
resampled 255 times in total with five different subset sizes for every representation and algorithm.

3.4 Overlap between predicted and human-labelled classes

The overlap between predicted and hand labelled classes was highest when using audio
feature vectors (range 0 to 1, V-measure: .59 + .08, range -0.5 to 1, adj. RS: .50 + .12) and
VAE vectors (V-measure: .53 £ .05, adj. RS: .40 £ .06). Figure 6 and supplementary table S3
show V-measure and adjusted Rand scores for all representations and algorithms. These
metrics varied substantially depending on the subset sizes when using k-means and
HDBSCAN to cluster audio feature vectors or LFCCs, whereas the overlap was less variable
when detecting groups based on the nearest-neighbours graph directly using Leiden. For

spectrogram-based representations, this had the exception that the congruence with known
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labels dropped when clustering the entire, unbalanced dataset with Leiden compared to
balanced subsets of the original dataset (see figure 7). On the other hand, varying dataset
sizes influenced the results less for spectrograms and VAE vectors when using k-means and
HDBSCAN. Furthermore, the overlap between hand labelled and predicted classes increased

with bigger subset sizes when using k-means or HDBSCAN to cluster audio feature vectors.
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Figure 6 Overlap between hand-labelled and detected class identities for different data representation
types and algorithms. Whiskers indicate data lying within 1.5 interquartile ranges of the upper and
lower quartiles. The data was resampled 255 times in total with five different subset sizes for every
representation and algorithm. V-measure scores (left) can range from zero to one, with one indicating
a perfect overlap between human-labelled and predicted classes. Adjusted Rand score (Adj. RS)
ranges from -.5 to 1 with perfect alignment of human-labelled and predicted classes at a score of 1.
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Figure 7 V-measure and adjusted Rand scores with 95 % confidence intervals for different data
representation types and clustering algorithms colour coded by maximum subset size. Alarm calls
were excluded at maximum subset sizes of 200 and 500. The entire dataset included class sizes
ranging from 94 to 3325 and was only run five times, in contrast to 50 times with the randomly
resampled subsets of predefined sizes.
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4. Discussion

I used unsupervised ML methods to investigate the vocal repertoire of the greylag goose. The
visualisation of the acoustic space revealed a partly graded and overlapping vocal repertoire.
Distance calls were clearly structurally distinct from other call types. A second distinct group
of structurally similar alarm- and departure calls was found. Additionally, contact,
recruitment and triumph calls occupied overlapping, but not identical acoustic spaces.
Automatically predicted class numbers as well as the overlap between clustered and
human-labelled classes varied substantially for the different algorithms and data
representations. In the following sections, I first describe the structure of the greylag goose

vocal repertoire. I will then outline conclusions regarding the different analysis methods.

4.1 The greylag goose vocal repertoire

4.1.1 Repertoire structure

UMAP embeddings of the data revealed a partly graded vocal repertoire. This is supported by
low silhouette and modularity scores as well as low f1 scores for the triumph call category
and confusion between recruitment and contact calls when classifying these call types using
LDA. Contact and recruitment calls partly overlap in the acoustic space. This is most
prominent in spectrogram-based data representations and could be due to most weight being
put on the call duration when embedding the visual data, which is moderated when
embedding audio feature vectors, but is also apparent when investigating LDA coefficients
further: The two call types differ mostly in temporal entropy, duration and mean frequency,
but otherwise share very similar feature coefficients. From personal observations, recruitment
calls are generally louder than contact calls and have a more isochronous rhythm, which is

not taken into account here due to only analysing syllable-level segments and should be

34



quantitatively investigated. Similarly, departure and alarm calls share very similar acoustic
structure, mostly differing in mean frequency and temporal median, and visually overlap in
all of the embeddings. This is reflected in a low fl score when classifying alarm calls,
although it is important to note the very limited amount of training data. Triumph calls
overlap contact and recruitment calls but span into the departure and alarm call subgroup in
terms of their acoustic structure. This supports Fischer's [17] hypothesis that calls emitted in
the triumph ceremony fall into two graded classes, which she describes as a combination of
contact and distance calls. Distance calls overlap least with all other classes in temporal
features and are consistently structurally distinct. This call type is the only one in the dataset
that is used with little or no visual contact. It has been hypothesised that graded signals
evolved in species with visual contact ([68], as cited in [69]), which may be a possible
explanation for this call type’s distinctness. Being able to identify the caller from their

vocalisation is more important without visual contact.

4.1.2 Number of classes

The embedding of the data consistently resulted in three to four visually largely separate
groups, when using representations other than LFCCs, consisting primarily of samples from
the following classes: (1) ‘contact’, (2) ‘recruitment’ and ‘triumph’, (3) ‘departure’ and
‘alarm’, and (4) ‘distance’. Groups one and two were only distinct when embedding audio
feature vectors. The structural overlap of triumph as well as alarm calls suggests that these
call types can only be discerned when taking other information like the behavioural context,
rhythm or sequential context into account. Nonetheless, the human-defined number of call

types is in line with the average number of classes suggested by unsupervised methods.
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4.2 Methodological insights

To evaluate the performance of different machine learning methodologies, I will compare
their output to human call labels, which were made taking behavioral context into account. I
found differences in the structure of the embedded space, the number of predicted classes,
and the congruence with human labels depending on the chosen data representation type,

dataset size, as well as the algorithm chosen when analysing the dataset.

4.2.1 Audio feature vectors

Clusters based on audio feature vectors were most congruent with human labels, independent
of the further processing algorithms used. The distinction between recruitment and alarm
calls was only evident in embeddings based on audio features. This could be due to audio
feature vectors mitigating noise in the data. Furthermore, this observation aligns with findings
that audio feature vectors of zebra finch (7aeniopygia guttata) vocalisations encode more
information than spectrograms [4]. The authors described the analysed vocalisations as
“broadband [with a] relatively restricted range of fundamental frequencies”, which is true for
greylag goose vocalisations as well. However, one study investigating Cassin’s vireo (Vireo
cassinii) song found UMAP embeddings of spectrograms to be more distinctly clustered than
those of audio feature vectors [7], contrasting the findings of this thesis. The song of the
Cassin’s vireo is less broadband than calls of the zebra finch or greylag goose, which may

indicate that audio feature vectors are better suited to analyse broadband vocalisations.

4.2.2 Spectrogram-based representations

Among the spectrogram-based data representations, VAE latent vectors had the largest
overlap with human labels, specifically when clustered with k-means or HDBSCAN. When
clustering spectrograms, groups predicted from HDBSCAN were more congruent with

human labels than clusters obtained using all other algorithms, which is in line with findings
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by Sainburg and colleagues [7]: they found spectrograms embedded using UMAP and
clustered with HDBSCAN to align better with human-labelled data than clusters obtained via
k-means in two songbird species. Nevertheless, it may be appropriate to choose VEA latent
vectors of spectrograms when analysing vocal data, as previously suggested by Goffinet and
colleagues [5]. Although the findings in this thesis differ from the findings of Goffinet and
colleagues [5] in that I found audio feature vectors to overlap more with human labels than
VAE embeddings overall, VAE embeddings produced better results than spectrograms and

LFCCs.

4.2.3 Dataset size

Different balanced input subset sizes, or the use of the unbalanced original dataset,
considerably influenced the number of automatically predicted clusters as well as the overlap
between clustered and human-labelled groups (see figure 7 and 8). HDBSCAN predicted
highly variant numbers of clusters and consequently varying V-measures for audio feature
vectors and LFCCs, but not spectrograms or VAE latent vectors, which were influenced the
least overall. Groupings from k-means on representations other than LFCCs as well as those
based on Leiden with any of the representations were more robust to different dataset sizes in
terms of numbers of clusters, but alignment with human labels dropped with the unbalanced
original dataset in Leiden groupings based on representations other than audio feature
vectors. Congruence with human labels increased with larger dataset sizes when clustering
audio feature vector embeddings in both k-means and HDBSCAN, reaching the highest
overall V-measure with HDBSCAN applied to the original dataset. To conclude, although
results from the combination of Leiden with audio feature vectors varied the least with
different dataset sizes, better overlap with human labels could be achieved with the largest
dataset size using k-means or HDBSCAN. This was despite the unbalanced class distribution

when using the complete dataset.
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Figure 8 Predicted number of classes with 95 % confidence intervals for different data representation
types and clustering algorithms color coded by maximum subset size. Alarm calls were excluded at
maximum subset sizes of 200 and 500. The entire dataset included class sizes ranging from 94 to 3325
and was only run five times, in contrast to 50 times with the randomly resampled subsets of
predefined sizes.

4.2.4 Clustering algorithms

Although Leiden produced comparable V-measures to the two other algorithms and the
number of predicted classes was closest to those originally defined, the overlap with human
labels decreased when using Leiden with spectrograms, in comparison to HDBSCAN. The
use of audio feature vector embeddings to study vocal repertoires appears to be a sensible
choice. The results of this thesis indicate that, for greylag geese, clustering audio feature
vectors with HDBSCAN or k-means when the data set is large, or with Leiden if less data is
available, produces reasonable results. In some of the projections, Leiden was the only
algorithm that was able to distinguish triumph and recruitment calls, indicating it may be well
suited for analysing more graded signal repertoires (see figure 9). This study showed that
different clustering algorithms produce different results depending on the size of the dataset
and the representation of the data. This finding necessitates further closer examination of how
these differences correlate with the various parameters, which should additionally include

other representation types and distance metrics.
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Figure 9 UMAP projections of audio feature vectors. Colours represent human-labelled call types in
the upper right plot. Clusters detected using k-means (upper left), HDBSCAN (lower left), and Leiden
(lower left) are shown in the remaining plots. Note, that Leiden does not work on the visualised
projections directly but the nearest neighbours graph.

4.3 Limitations

This study provides insight into the vocal repertoire of the adult greylag goose, but does not
include all of the observed call types. Hisses were excluded due to insufficient data, and call
types mentioned in the early literature like the greeting or locomotion call [16] were not
included in the data collection process. Lorenz describes both of these call types as higher
intensity contact calls, otherwise only distinguishing them by context and posture. Due to

personal observations, I suspect these calls to be contextual variants of the contact call. Thus,
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this analysis should not be mistaken for an investigation into the size of the greylag goose

vocal repertoire, but rather an exploration of its structure.

Additionally, the analysed data were collected in a field setting and still contain some noise
even after applying a noise reduction algorithm. Furthermore, recordings were taken at
different distances to the vocalising individuals and therefore amplitude normalised. This
discards information on relative loudness of call types, but may also leave structural artefacts
in the energy distribution of the call, specifically less energy remaining in the higher
frequency range for more distant calls, which may lead to distances in UMAP projections that

do not reflect the structural differences of the emitted sounds.

Furthermore, I did not investigate the rhythmic and sequential domain of the vocalisations,
analysing only single syllables. As the call types have been consistently described in terms
including their rthythm and syllable count, this poses a considerable limitation. However, as |
already find the individual syllables to match human-labelled classes to a considerable
degree, further investigating sequencing and/or rhythm may enable us to distinguish

acoustically overlapping call types like the triumph or alarm call.

Methodologically, I employed an algorithm which has, to my knowledge, not yet been used
in bioacoustics analyses, Leiden community detection, and found it to produce results
comparable to those of more commonly used clustering algorithms. It is important to note
that HDBSCAN and k-means clusterings based on two-dimensional UMAP embeddings were
compared to Leiden clusterings on the nearest-neighbours graph directly, which may provide
Leiden with an advantage, since the additional step of dimension reduction would already

exclude some information relevant to cluster detection. In addition, Leiden was found to
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generate too many clusters [70]. This should be considered in future work, even though the
average number of predicted clusters matched the number of human labels best when using
this algorithm. I applied only one partitioning approach for the Leiden clusterings and the
graph was not preprocessed before detecting the communities, which provides an opportunity

for future improvements.

Nonetheless, these results show that the choice of the data representation types and the
algorithm used for investigating a species’ vocal repertoire can influence the results
considerably. Audio feature vectors allowed a more detailed visualization of the acoustic
space than other, spectrogram-based data representation types that were analysed here and
lead to clusterings most congruent with human labels. VAE latent vectors obtained from
spectrograms produced better overlap of automatically and human predicted classes than
other spectrogram-based representation types. All of the three tested clustering algorithms
produced good results overall, but there was a high variation in the number of predicted
classes, depending on the choice of the data representation type as well as the dataset size and
balance when using HDBSCAN and k-means. Leiden community detection matched the
human-defined number of classes closest, but the overlap of human-labelled and predicted
class identities dropped when using the original, unbalanced dataset. In contrast to this,
HDBSCAN and k-means were more robust to the unbalanced dataset and even produced
better results with the larger original dataset when using audio feature vectors, despite its
unbalanced class distribution. Overall, these results show that unsupervised machine learning
methods should be applied with caution in bioacoustics analyses, considering the limitations

of the different algorithms and data representation types.
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5. Conclusion

The greylag goose has been a model system in ethology since the field’s early days, but the
species’ entire vocal repertoire has not previously been quantitatively investigated. I used
different data representations and clustering algorithms to investigate the species’ vocal
signals, building on years of behavioural observation of individually marked birds, and
analysing audio data that have been systematically collected since 2020. I find both graded
and distinct signals that are largely congruent with human-labelled signal classes. However,
the representation format of the data substantially influenced both the visualisations of the
acoustic space and the outcomes of the algorithms used. When investigating vocal
repertoires, it is useful to compare different types of data representation, and carefully
consider the algorithms used, especially when estimating the number of signal classes.
Additionally, I found that the size and balance of the input dataset can have a large influence
on the projection of the data. Nonetheless, these analyses illustrate the power of modern
machine learning techniques to illuminate the structure of a vocal repertoire, even for
well-studied species, and show the promise of applying these analyses to species with

less-studied vocal repertoires.
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Table S1 Extracted audio features and the corresponding python packages used for calculation. All
calculations from [71] unless marked with the corresponding function. The dominant frequencies

were detected using the function find peaks of the package ‘SciPy’ using a prominence and height of

5 % of the amplitude range and a minimal horizontal distance of 5 % of the signal length.
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Table S2 Average number and range of predicted groups per clustering algorithm.

Algorithm Number of clusters (range) Mean = SD
k-means 2-44 5.463 £5.727
HDBSCAN 2-59 8.934 +11.221
Leiden 5-13 6.529 £ 1.190

Table S3 Overlap between hand-labelled and automatically clustered classes.

Representation |mean mean adj. RS | Algorithm | V-measure = | Adj. RS £ SD
V-measure * +=SD SD
SD

PAF .588 £.080 502 £.119 k-means .607 £.072 514 £.096

HDBSCAN |.589 +.105 492 + 170

Leiden 567 +£.045 499 + .066

LFCC 415+ .051 274 +.099 k-means 414 +.059 254+ .105

HDBSCAN |.398 +.055 293 + 128

Leiden 432 +£.027 275 +£.041

Spectrograms 495 £.054 347 £.052 k-means 483 +.056 330 £.054

HDBSCAN |.547+.032 391 +.035

Leiden 457 +£.020 320 +.033

VEA 528 £.053 396 +.057 k-means .539 £ .065 386 +.077
embeddings

HDBSCAN |.557+.030 406 +.038

Leiden 488 +£.024 396 +.047
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Figure S1 Layer design of the VAE with the encoder on the left and the decoder on the right. Every
convolutional layer was followed by a batch normalisation layer. LeakyRELU was used as the
activation function for all layer connections. The latent vector has a length of 128.
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Normalized confusion matrix
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Figure S2 Normalised confusion matrix of the LDA classifier. The model was fitted to a subset of the
original dataset with class sizes capped at 500 of which 20 % were set aside for testing. Alarm calls
have a low correct prediction rate and are often confused with departure calls. 54 % of the predictions
for triumph calls are spread throughout all other categories. Contact and recruitment calls overlap by
roughly one quarter in their predictions respectively. Departure and distance calls were largely
classified correctly.

51



Audio Feature Embeddings

Spectrogram Embeddings

LFCC Embeddings

VAE Embeddings
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Figure S3 Example projections of every representation, colour-coded for different acoustic features
(from top to bottom): temporal entropy, mean frequency in kHz, spectral standard deviation in kHz,
spectrographic entropy as the product of temporal and spectral entropy, and temporal standard

deviation in seconds.
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Figure S4 Boxplots for all 23 acoustic features, displaying their distribution per call type.
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