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4. SUMMARY

Research on the communication of house mice has largely focused on olfactory signals,
whereas their acoustic signals have received relatively little attention until recent years. I
investigated the expression and functions of chemosensory and acoustic signals of Eastern
European house mice (Mus musculus subsp. musculus), and particularly the functions of male
courtship vocalizations. Male mice emit ultrasonic vocalizations (USVs) during courtship,
which potentially influence their mating and reproductive success; however, evidence for this
hypothesis has been lacking. My aims were to determine the effect of male pheromones and
courtship vocalizations on male reproductive success, and I focused my research on wild-
derived Mus musculus (henceforth “wild mice”). To determine what kind of information is
contained in male USVs (signaling functions), which females could use to assess the state and
identity of potential mates, I also investigated whether USVs reliably signal males' sexual
arousal and individual identity. Due to the enormous time and effort required for analyzing
mouse vocalizations, I also collaborated on research aimed at developing better methods for
automatic USV detection and classification. Below, I summarize the main aims and results
from each of the chapters in my dissertation.

The first chapter provides results from a study that we conducted to test the effect of
chemical signals on reproductive success of wild house mice living in seminatural conditions.
We found that males increased the excretion of certain volatile and involatile pheromones only
once they became socially dominant and acquired a territory, and dominant males had higher
reproductive success than subordinates. Females discriminated and showed a preferential
attraction towards the urinary scent of dominant versus subordinate males, but they showed

no preferences for male urine with higher concentrations of involatile major urinary proteins



(MUPs). Our study provides the first results to show that pheromone production correlates
with male reproductive success for any mammal. They also raise important caveats for
studying the regulation and functions of the pheromones of male mice in laboratory conditions.

The second chapter presents the results from an experiment that we conducted to test

whether males alter the emission of USVs after exposure to a female (i.e., socio-sexual
priming). Early studies on male laboratory mice suggested that exposure to a female, or female
odor enhances the rate of male USV emission, and that USVs therefore provide a reliable
indicator of sexual arousal and interest in mating; however, the evidence for this hypothesis
has been mixed. In this study, we implemented an improved version of a method that we
developed to improve detection of USVs (Automated Mouse Ultrasound Detector or A-
MUD), which is the first step during data processing. Our results show that the socio-sexual
priming increased the number and the types of USVs that males emitted, and the effects were
long-lasting. This study provides the first evidence for socio-sexual priming of USV emission
in wild house mice and the first to show that priming enhances the diversity as well as the rate
of male USV emission.

The third chapter reports the results of an experiment in which we aimed to test whether
mice modulate USV production depending upon the genetic relatedness of a potential mate, and
whether courtship USV emission correlates with a breeding pair’s subsequent reproductive
success. We found that courtship USVs are differently modulated in different consecutive social
contexts (indirect and subsequent direct social contact) and that males increased the number
and spectral complexity of vocalizations during direct interactions. In this latter context, USV
number and modulation correlated with reproductive success and relatedness to the female

partner: mating pairs of genetically unrelated individuals emitted USVs with higher duration



and spectral complexity and showed a higher reproductive success compared to pairs that were
closely related, whose USVs were shorter and spectrally simple and had a lower reproductive
success. Our results provide the first evidence that mice modulate USV emission during
courtship depending upon genetic relatedness of a potential mate and that USV emission (rate
and types) correlate with their subsequent reproductive success.

In the fourth chapter, our goal was to test the hypothesis that male courtship USVs
provide cues of individual identity (individual vocal signatures). We first tested whether USVs
change once males are provided with a female odor stimulus; and then we evaluated the
variation in the quantity and quality of USVs within individuals versus among individuals over
three consecutive weeks. The males rarely vocalized until presented with female odor, and then
individual males consistently increased the number and spectral complexity of USVs. After the
presentation of female odor, we found that the spectrotemporal features of male USVs differed
between individuals and mice could be classified according to their “vocalizing style” with a
striking difference between low versus high vocalizers. We found that some males have a
distinct vocal repertoire that is repeatable over time and that some spectrotemporal features of
their USV structure could potentially be used by conspecifics for individual recognition. This
study provides the first evidence that male mice increase the numbers and types of USVs upon
investigating female odor, and also the first evidence that male USVs contain individual
signatures that are consistent over time.

In the fifth chapter, we aimed to cross-validate findings from different strains of
laboratory mice, and we analyzed the USV emission and the social behavior of three strains,
commonly used in studies on neurodevelopmental disorders (NDDs). Our results showed strain

differences in the number and duration of USVs, the onset of the peak in the calling rate during



neonatal age, and also sex and strain differences in the number of vocalizations and repertoire
composition during adulthood during same sex (i.e., female-female) and opposite-sex
interactions. For the first time, we showed that: (1) there is a large phenotypic variation among
strains in their social and communicative profile (i.e., number and duration of social
investigations, vocalizations and spectrotemporal features of USVs); (2) strain C57/B6 emitted
the lowest number of USVs that were spectrally simple and performed the lowest number of
partner investigations; and (3) CDI outbred strain showed an intermediate socio-
communicative profile compared to the two inbred strains. Our results highlight the differences
in the behavior and vocalizations among strains of laboratory mice and importance of choosing
the appropriate strain to conduct experiments on socio-communicative profiles in mice.

In the sixth chapter, we developed a new method for automatically classifying different
types of USVs, and compared its performance with other methods. Manual classification of
USVs requires a tremendous amount of time, even for trained researchers, and therefore, we
aimed to develop a new automatic USV classification method that is more reliable and
generalizable than the current methods that are available. Our new method combines
bootstrapping and ensemble machine learning. We found that it can accurately classify USVs
into 12 different types (though accuracy was improved by pooling more types), and that it
outperformed all other methods. This is the first study to systematically compare different
automatic USV detection and classification methods and evaluate their performance, and we
also provide a new method that now provides the state-of-the-art tool for USV classification.

In summary, the main goals of my research were to investigate the adaptive functions
of chemical and acoustic signals of house mice in terms of their effects on reproductive success.

The results of these studies provide novel evidence that male pheromones and vocalizations



influence reproductive success. To better understand why females are attracted to male USVs,
and what kind of information they could provide to potential mates, I also tested hypotheses
about their signaling functions. The results of these studies provide novel evidence that
courtship USVs provide reliable information about a male's individual identity (individual vocal
signatures) and their state (sexual arousal). We presented a novel non-invasive tool to profile
animal models used for NDDs and implemented a novel detection system and classification
method for analyzing USVs in both, wild and domesticated mice. Results from studies on
laboratory mice have provided many important and interesting findings, but as we have shown,
the results from one strain cannot necessarily be extrapolated to other strains or their wild
counter parts. Therefore, in the future, more studies on wild house mice are necessary to address
questions about the ecological relevance and adaptive significance of their complex chemical

and acoustic signals.



5. GENERAL INTRODUCTION

My research focused on the courtship behavior of house mice (Mus musculus), and mainly their
ultrasonic acoustic communication. Laboratory mice are the single most widely studied model
species in the biomedical sciences, whereas wild house mice have received surprisingly little
attention. As I focused my research on wild house mice rather than any of the standard
laboratory mouse models, below I first summarize the differences in between these rodents. In

the following sections, I provide background information for each chapter of my dissertation.

5.1 Wild Mus musculus and laboratory mice

For more than 100 years, domesticated laboratory mice have been used as animal models in
biological and biomedical sciences, and they have provided the model organisms used by many
scientists who have won Nobel Prizes (1). However, there are many differences between
laboratory mice from their wild counterparts, including genetics, physiology, and behavior, and
limitations as model organisms that are increasingly becoming appreciated.

The ancestors of modern laboratory and wild house mice lived in the Iranian plateau
from where different populations became geographically and genetically distinct. This process
fostered the emergence of the modern subspecies that diverged around 350,000 to 500,000 years
ago, the same time as the earliest H. sapiens arose (2, 3). Mice spread around the planet with
human migration, they were artificially selected to be companion animals from Japan to Europe,
and for the past 100 years, as animal models in the laboratory (1, 4, 5). Thus, laboratory mice
are hybrids; genetic mosaics of different Mus subspecies artificially crossed over centuries, and
some have therefore proposed that they should be classified as a distinct species, Mus

laboratorius or Mus gemischus, since they do not exist in nature and they show striking
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differences to wild house mice (4-6). Artificial selection and inbreeding led to a reduction in
genetic diversity and increased homozygosity, as inbred strains are maintained by mating
siblings, and even so-called "outbred" stocks, which are bred haphazardly, lack the genetic
diversity of wild populations (7). Laboratory mice suffer from a variety of problems, including
obesity, early arthritis, early vision and hearing loss, reduced microbiota diversity, and reduced
immune responses (8). Strains of laboratory mice are different in their fur color, body mass, and
litter sizes, and they also can differ dramatically in their behavior, as some are less aggressive,
some are tamer and easier to handle, some are more acrophobic than other strains (8) (personal
observations).

In comparison, wild house mice have high levels of genetic diversity and individual
heterozygosity, more diverse microbiota, and a more efficient immune systems (9). In the wild
and seminatural conditions, house mice usually live in groups composed of a single dominant
male and one or more females, or a dominant pair and subordinate females sharing the same
territories. Dominant territorial males sometimes allow the presence of subordinate males,
though other dominant males chase all other males away and control the resources on their
territory. In captivity, wild-caught and wild-derived house mice are very active, jumpy,
neophobic, and usually try to flee or bite when handled. After puberty, males became highly
territorial, even with their cage-mate siblings and thus they are usually singly housed to prevent
fighting. Thus, due to the many differences between laboratory mice and wild house mice,
results from studies on laboratory mice should not be generalized or extrapolated to wild house

mice (or even other strains of laboratory mice), and vice versa.
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5.2 Chemical signals

Studies on olfaction and chemical signals have been mainly performed on laboratory
strains and on the subspecies Mus musculus domesticus. The scent-marking behavior is part of
the signaling system, which advertises the presence of a dominant adult male, or breeding pair
holding a territory. There are a wide variety of assays used to study social status in laboratory
mice, such as the resident-intruder paradigm in a cage that is the “gold standard" method to
study the aggressive behavior (10). However, more ecologically relevant setups are needed to
study both chemical communication and social hierarchy establishment, and whether urine
compounds can signal the social status of individuals over time and in the presence of other
interacting mice.

Several studies have concluded that the major urinary proteins (MUPs) of house mice
urine control individual recognition (11). However, more recent studies on another subspecies,
Mus musculus musculus, did not detect evidence for this hypothesis (12-14). Exposure to male
urine influences the estrous cycles of females (Whitten effect) and MUPs and volatile organic
compounds (VOCs) in male urine have been proposed to explain these effects (15-18) including
the acceleration of puberty, promote the vaginal opening, and female olfactory preference (19,
20). Although most studies focused on laboratory strains, one recent study on wild mice showed
that females accelerate the cycling when repeatedly exposed to male odor (i.e., soiled bedding)
since the urinary proteins might influence the estrous cycle as previously documented in
laboratory mice (21). A similar effect was found in wild males which increased faster the body
mass when repeatedly exposed to female odor compared to control males (22). However, no

previous studies tested whether chemical signals affect the reproductive success of both sexes.
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5.3 Acoustic signals

As with olfactory studies, acoustic communication in mice has been investigated for
more than 60 years in laboratory strains (23). Both sexes emit USVs and these vocalizations
require close proximity to be heard by conspecifics since they are short-ranged (9, 24). Mice
can emit both sonic and ultrasonic vocalizations and different mechanisms have been proposed
for the sound production: an airflow passing through the larynx generates a whistle and
produces a USV, whereas sonic vocalizations are produced when the vocal folds vibrate.
However, sounds that present the fundamental frequency of around 20 kHz (the human hearing
range), can be produced in both modalities (reviewed in 25). Together with chemical
communication, USV emission is influenced by neuroendocrine control in both sexes and the
neural pathways involved in the USV emission and signal processing are still under
investigation (26, 27).

Biomedical studies usually record mouse USVs in specific contexts and at different
ages: 1) wriggling calls and retrieving calls during pups' development; 2) “play” calls during
social behaviors (28); 3) USVs during social interactions between same-sex adult females, and
less frequently males; 4) courtship USVs (reviewed in 29) and are often used as non-invasive
tools to investigate the genetic basis of neurodevelopmental disorders (e.g., autism,
schizophrenia and speech disorders) (24, 30, 31). USVs are spectrally complex and are emitted
in discrete elements defined as “calls” or “syllables”, sensu lato. Each syllable can be classified
into 4-16 different classes according to the number, duration and different spectro-temporal
features (32-35), including short temporal intervals of “silence” between each element within a
sequence, and the longer intervals of “silence” between sequences (35-37). Thus, USVs have

the features of bird songs whose sequences are still under investigation (32, 34, 35, 38).
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Most studies on USVs have been performed on inbred and outbred strains (reviewed in
39), but only a few research groups have investigated the functions of ultrasonic vocalizations
in wild house mice and mainly during courtship in Mus musculus musculus and M. musculus
domesticus (34, 40-46). These studies provide the following results: 1) females preferred
playback USVs from unfamiliar and unrelated males compared to familiar brothers (40), and
show assortative preferences for USVs from conspecific (42); 2) males’ courtship USVs
contain distinctive individual vocal signatures and kinship signatures and are detectable during
a single recording session (41); 3) mice show a distinct USV patterns depending on the sex of
the sender and receiver, in Mus musculus musculus (44) and on the population of origin when
comparing different populations of Mus musculus domesticus (34); 4) females can modulate
their USVs when interacting with another female through a partition over time with different
proposed functions: hierarchy establishment, affiliative behavior and familiarization over time
(45), as previously suggested in outbred females (47, 48); 5) USV modulation and MUPs
production (i.e., Darcin) can act as multimodal signals to reveal the health status of males (46).

Courtship vocalizations of laboratory mice have been extensively studied and yet
research on their adaptive functions in wild house mice has barely begun. Courtship songs are
elicited by female odor (soiled bedding, urine), or her presence (35) and USVs are often
recorded when males and females are separated by a perforated partition (44, 49), or during
direct interactions (33, 40, 50). However, more studies are needed to investigate whether socio-
sexual experience might affect males’ USVs and thus, enhance the chance to sire more
offspring, and whether USVs can contain information on the age, sex, population (or strain),

and identity of the vocalizing individual.
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A few studies have found suggestive evidence for individual vocal signatures (IVSs),
distinct vocal features used by conspecifics for individual recognition, in some USV parameters
in laboratory mice. For example, the number of USVs and the repertoire size (i.e., number of
classes of USVs) (38, 51); the sequence complexity in some strains (32, 38), but not in others
(52); and in wild mice, only some spectrotemporal features over one 90-min recording (41).
Thus, more studies are needed to detect which candidates can be reliable parameters for vocal
individual recognition.

To analyze the composition of USVs in more detail, hundreds of USV recordings
must be processed, but this is extremely time consuming and requires trained researchers.
Recently, machine learning methods have been implemented to automatically detect and
classify USVs (53-55). Since there is still no consensus on the correct number of USV classes
for a biological relevant classification, three different approaches have been used to solve this
dilemma: 1) a human-based USV classification method based on the shape of the vocalizations
and according to measurable spectrotemporal features from the spectrogram (33, 34, 56, 57);
2) the use of trained mice to recognize specific USV human-based categories. Recent studies
found that mice can distinguish USVs that are spectrally simple compared to complex USVs
(i.e., USVs with frequency jumps and harmonics) (58). However, more spectrally similar USVs
are more difficult to discriminate (59), and socially housed mice could perform better when
compared to socially isolated individuals (60); 3) a fuzzy USV automatic classification method
where all USVs are part of a classification continuum (61). Although some programs to classify
USVs are designed to detect, cluster, and classify vocalizations, researchers should provide the
golden standard to validate the automatic classification. These methods should also be

generalizable to different contexts and mouse groups.
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5.4 Research objectives

The first chapter includes our study on the modulation of chemosensory signals in
seminatural enclosures and effects on reproductive success. In chapter two and three, we
investigate possible functions related to the modulation of USVs after socio-sexual priming, in
different social contexts, correlated with the reproductive success. In chapter four, we tested
whether house mice (M. m. musculus), show individual vocal consistency and interindividual
variation for individual recognition. Chapter five shows a cross-validation study in three
laboratory strains: two inbred strains (C57/B6J and FVB) and one outbred strain (CD1). Chapter
six explains the structure, validation and performance of the new version of an automatic USV
detector and a new classification software applicable to both wild and laboratory mice
recordings.

In the first chapter, we tested whether chemosensory signals indicate the sex and social
status of individuals according to the production and regulation of pheromones and proteins in
the mouse urine in seminatural enclosures. Our second aim was to test whether the regulation
of MUPs and VOCs according to the mice’ social status was related to the reproductive success
in both sexes in Mus musculus musculus. We collected data from four replicates of the
enclosures with the same sex ratio and we sampled mouse urine before, during (pooled over
different time points), and after the enclosure over four months. We also compared our data
with mice of the same population kept in the cage during the enclosure experiment. Behavioral
information on the social status and reproductive success of mice were analyzed and correlated
with the concentration of MUPs and VOC excretion from the sampled urine at different time
points. A previous study on laboratory inbred mice reported that females showed a preference

towards the urine of males that repeatedly won male-male agonistic encounters in the cage (15)
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and where the winners defined as “dominant” males increased the concentration of VOCs that
are known to affect sexual maturity and promote the Whitten effect in females (15-18).
However, no previous studies showed a direct correlation between the social status of males,
the Whitten effect and the reproductive success in mice.

In the second chapter, we aimed to test whether sexual priming affected the modulation
of males’ USVs and signal males’ arousal and motivation to mate. Many studies on laboratory
mice include a shorter or longer direct contact between males and females before recording to
enhance USV emission in mice (35, 50, 62), but without data to support this method. Thus, our
first aim was to experimentally test whether sexual priming of male wild mice that experienced
a brief encounter with a female (i.e., sexual priming of five minutes duration) affects their USV
emission. We compared four groups of males that were exposed to females either one, 10, 20,
or 30 days after priming and compared their vocalizations with those from control mice that
were sexually naive, and never exposed to a female or her scent. Our second goal was to analyze
in detail how the USV emission of socio-sexually unprimed males differed from the modulation
of sexually primed males recorded at different time points after priming, and whether this effect
was long-lasting. The extraction of the USV spectrotemporal features was performed with an
improved version of the semi-automatic detection method Automatic Mouse Ultrasound
Detector (A-MUD3.2) and we presented its performance. The threshold of detection in the new
version could be adjusted according to the background noise of the recordings, and the software
presents a built-in quality evaluation score for each putative segment scored as USV (43). For
the qualitative analyses of vocalizations, we manually classified both sonic and ultrasonic

vocalization. Each USV was classified according to 15 different categories and included in the
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analyses of the repertoire size and composition. We also performed the semi-automatic USV
detection and manual classification for the next two chapters.

In the third chapter, we analyzed the modulation of USVs during sexual encounters
between either unrelated or related pairs and possible effects of inbreeding avoidance on their
reproductive success. Our first aim was to test whether USV signal male’s sexual arousal and
changed accordingly during two consecutive social contexts. The social encounters included a
first phase with a partition that separated the cage partners and then a second phase where male
and female could directly interact. Our second aim was to test whether USV modulation might
change according to the genetic relatedness of the partners, favoring disassortative mating.
Previous studies on wild mice showed that females prefer spending time close to the playback
of unrelated and unfamiliar males compared to familiar siblings (40). Our third aim focused on
testing whether the relatedness of the breeding pairs and the USV emission during the social
interactions correlated with their reproductive success. The same pairs were included in the
breeding regime after being recorded for both social tests and their reproductive success
measured. Two previous studies on laboratory mice correlated sociosexual experience with the
reproductive success of the vocalizing individuals, however, males were first paired with a
group of females and their reproductive success was measured, and then recorded with a
different group of females, leading to unclear results (63, 64).

In the fourth chapter, we tested whether mice could change the USV emission upon
female odor stimulation and whether USVs might contain distinctive individual vocal
signatures over time. Our first aim was to test whether USV emission changed when the mouse
was alone in the clean cage with no stimuli and compared it after stimulation with female odor

(i.e., a pool of female urine). Since the male was alone in the cage, we could also test whether
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mice show individual distinctiveness in the USV emission to signal individual’s identity over
three consecutive weeks. No previous study measured in detail individual distinctiveness in
males’ USV emission over time. A few studies on laboratory mice showed the consistency in
USV emission as part of other research questions. The main findings included a high inter-
individual variation in the USV number and repertoire size (i.e., number of different syllables),
but not in other spectrotemporal parameters (38, 51); and the consistency in the spectral
complexity of some USV categories in inbred laboratory mice (32, 38). Thus, our first aim was
to investigate in detail the modulation of USVs including the number and duration of USVs,
the vocal repertoire and the spectrotemporal features upon female stimulation. Our second aim
was to test whether mice showed a higher interindividual variation over time, and can be
grouped according to their vocalizing style. Our third aim was to assess whether USV emission
could signal vocal personality and we aimed to identify candidates as individual vocal
signatures (IVSs). IVS candidates should fulfill two criteria: 1) to show high interindividual
and low intraindividual variation; and 2) to be consistent over time (i.e., repeatable within the
same individual). We also applied multivariate statistics and machine learning methods to
predict whether the candidates as IVSs might be reliable features used for individual
recognition.

In the fifth chapter, we aimed to cross-validate the results on the same behavioral tests
and perform USV recordings of three laboratory strains: two inbred and one outbred laboratory
strains, commonly used for the study of neurodevelopmental disorders (NDDs) (33, 65-68).
The first aim of the study was to test whether the three strains differed in their socio-
communicative profile at each time point and social context. Our second goal was to present

such differences and make suggestions on how to choose the best animal model for specific
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research questions. USV parameters were inspected in detail and used as biomarkers to detect
qualitative alterations in the vocal features of mouse models in studies on NDDs at different
ages (i.e., pups and adults). Most studies mainly focused on the early phase of the individuals’
development during the first weeks of life or during adolescence (28, 69, 70). Thus, we recorded
different groups of mice from both sexes and at different ages: 1) as pups, while briefly isolated
from their mothers; 2) as adults, during direct social interactions (i.e., between same and
different sex mice). We analyzed in detail the USVs according to ten different syllable classes
to draw a profile according to sex, age, and strain in isolated pups and interacting adults.
Behavioral and vocal profiles were correlated in adult mice and compared between groups (33).

In the sixth chapter, we aimed to compare the performance of our improved version of
the semi-automatic USV detection method (i.e., A-MUD?3.2) with other state-of-the-art and
available detection methods. Detected segments were used as putative USVs and classified
using Bootsnap, an ensemble machine learning method with minimum intervention of the
researcher. Our second aim was to validate Bootsnap performance by comparing it with the
“ground truth” obtained by trained researchers who manually classified recordings from both
wild mice and laboratory mice also reporting the inter-observer reliability for each USV
category. In the last few years, many USV classification models have been implemented.
However, each software has some limitations: some software is not user-friendly, some has a
high signal-to-noise ratio preventing a good analysis on files with a lot of background noise,
whereas others are designed to work on platforms that are not free for scientific use (53, 71-
73). Thus, our third goal was to develop a classification method that aimed at the
generalizability of the datasets used for the train and test sessions (i.e., recordings from mice of

different sex, at different ages and social contexts), at the best classification accuracy also with
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low quality recordings (i.e., low signal-to-noise-ratio), with a minimum external intervention,
and free for scientific use. Bootsnap was trained on wild mice recordings and tested for both
wild and laboratory mice recordings in different social contexts (i.e., male-female interaction
through a partition, direct interaction between males and females and males exposed to female

odor) and its performance was compared to the best state-of-the-art USV classifier.
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The major urinary proteins (MUPs) of house mice (Mus musculus) bind and stabilize the release of
pheromones and other volatile organic compounds (VOCs) from urinary scent marks, which mediate
chemical communication. Social status influences MUP and VOC excretion, and the urinary scent

of dominant males is attractive to females. Urinary pheromones influence the sexual behavior and
physiology of conspecifics, and yet it is not known whether they also affect reproductive success.
We monitored the excretion of urinary protein and VOCs of wild-derived house mice living in large
seminatural enclosures to compare the sexes and to test how these compounds correlate with
reproductive success. Among males, urinary protein concentration and VOC expression correlated
with reproductive success and social status. Territorial dominance also correlated with reproductive
success in both sexes; but among females, no urinary compounds were found to correlate with
social status or reproductive success. We found several differences in the urinary protein and volatile
pheromones of mice in standard cages versus seminatural enclosures, which raises caveats for
conventional laboratory studies. These findings provide novel evidence for chemical signals that
correlate with male reproductive success of house mice living in competitive conditions.

Male house mice scent-mark their territories with urine and they excrete several compounds often proposed to
enhance mating and reproductive success' ™. Males produce large quantities of protein in their urine, mainly com-
posed of major urinary proteins (MUPs)>°. MUPs bind and stabilize the release of volatile organic compounds
(VOCs) from urinary scent marks”®. These VOCs include the male pheromones, a- and p-farnesene, 2-s-butyl-4,
5-dihydrothiazole (SBT), 3,4-dehydro-exo-brevicomin (DHB), and 6-hydroxy-6-methyl-3-heptanone (HMH),
which trigger changes in female sexual development, physiology and behavior>!?. Trimethylamine (TMA) is
a sexually dimorphic VOC that is highly expressed in males. Interestingly, it is attractive to mice at normal lev-
els, but aversive at high levels in urine'!. MUP proteoforms can act as pheromones as well as transporters, and
MUP20 (darcin) is a predominantly male-expressed urinary protein that elicits place preferences and spatial
learning in female mice'?. Females detect MUPs in male urine by upregulating VNO receptor expression during
estrus'’, and exposure to a combination of volatile male pheromones (SBT, DHB, and HMH) induces female
olfactory preferences for these compounds and accelerates puberty™!* (but see'®). Most mammalian studies on
female responses to male pheromones examined domesticated mouse strains in artificial laboratory conditions,
and focused on female sexual development, estrous cycling, lordosis, or pregnancy block. It is still not known
whether male pheromones influence reproductive success. Our first goal was to test whether these pheromones
influence the reproductive success of wild-derived male house mice in seminatural conditions.

One way that chemical signals are often suggested to influence reproductive success is by providing a reliable
indicator of social status'®. Wild house mice are highly territorial, and dominant, territorial males have higher
reproductive success than non-territorial subordinates'’. Males that are socially aggressive have higher urinary
protein concentrations'®!” (but see?’), and produce higher intensities of particular volatile pheromones (DHB,
HMH, SBT, and a/p-farnesene) than submissive males'®?!. Social defeat can result in decreased expression®'.
Estrous females prefer the urinary scent of aggressive dominant’ males over submissive ’subordinate’ males?.
An important caveat to these studies is that most were conducted with laboratory mice, and male social status
was assessed using the outcomes of brief, dyadic agonistic interactions in the laboratory; a proxy that does not
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Variance inflation factor

Model predictor | Estimate (SEM) z-value | p-value | Sum of weights | No. containing models | (VIF)

(Intercept) —-3.57 (5.88) 0.59 0.55 - - -

Total protein 1.47E-3 (5.78E-4) 2.54 0.011 0.75 16 1.32

Social status - 1.10(0.51) 2.05 0.04 0.69 16 1.69

Age 1.40E-2 (8.70E-3) 1.51 0.13 0.39 16 1.49

Creatinine — 3.30E-3 (2.57E3) 1.21 0.22 0.32 15 1.33

Mass - 1.71E-1 (1.76E-1) | 0.91 0.36 0.23 16 1.69

Table 1. Male reproductive success in response to urinary protein and social status. LME conditional model
average for effects of male urine composition, age, mass, and social status during enclosures on RS (natural
log transformed (1 + no. of offspring)). Table rows are ordered by predictor importance based on the sum of
weights. Significant predictors are italicized. PC ratio omitted due to high VIF value suggesting collinearity
(see Supplementary Table S1 for full model).

necessarily predict social status in more natural social conditions. Indeed, one study found that this proxy did
not correlate with social status of group-housed male mice*. A recent study on wild-derived house mice living in
seminatural conditions found that once males acquired a territory and became socially dominant, they increased
the production of some (MUP20 and HMH), but not other pheromones (e.g. SBT, DHB, farnesene), whereas
males did not reduce pheromone excretion after they became subordinates®. Estrous females were more attracted
to the urinary scent of dominant, territorial males than subordinates, and variation in protein concentration of
male urine had no effect on female preferences when male social status was controlled. This study confirmed
that male pheromone expression is context- and status-dependent and that estrous females are more attracted to
the scent of dominant than subordinate males, but unlike studies on social defeat in the laboratory, subordinate
males did not reduce pheromone excretion in naturalistic conditions.

Studies are also needed to compare the expression of chemical signals between the sexes in more natural social
contexts, and test for compounds that influence female reproductive success. Putative pheromones in female
urine include 2-heptanone®, 2,5-dimethylpyrazine”, and isobutylamine (IBA)?, which have been reported to
signal estrus*?, attract males®, and delay puberty in juvenile females®*° (though the opposite effect is reported
for IBA?®). Yet the pheromones of female mice remain under-investigated, and there have been no studies on
female VOCs in seminatural conditions to our knowledge. Two studies investigated female MUP excretion in
seminatural conditions, and one found that female MUP excretion was positively correlated with aggressive
behaviors®!, whereas another found no such relationship*. Both studies found that the large sex difference in
urinary protein concentration reported in standard laboratory conditions was significantly lower when mice live
in seminatural conditions due to increased female urinary protein excretion®**'. Therefore, our second aim was
to compare the production of volatile and non-volatile urinary compounds between the sexes, and test whether
these compounds are regulated depending upon social status or correlate with reproductive success.

We conducted our study on wild-derived house mice (F3 from wild-trapped M. musculus musculus) in
seminatural conditions. We released mice into four indoor enclosures (9 m x 4 m each; Supplementary Fig. S1)
for 16 weeks and recorded their social behavior. Urine was collected at 4-week intervals throughout the experi-
ment. We measured urinary protein and used gas chromatography coupled with mass spectrometry (GC-MS)
to quantify VOCs at multiple time points, allowing us to compare pheromone expression before and during the
seminatural enclosure phase. We expected that upregulation and excretion of MUPs and volatile pheromones
would influence male reproductive success, and that the regulation of these compounds would depend upon their
social status®’. Furthermore, we expected that the degree of sexual dimorphism in urinary compounds would
change in competitive conditions due to socially-mediated effects on the chemical signals of both sexes**!-3,
but we did not expect females to regulate protein excretion depending upon their social status* or to correlate
with reproductive success®.

Results

Reproductive success. The production of urinary pheromones correlated with male but not female repro-
ductive success (RS; defined in “Materials and methods” section). The most important predictors of male RS
were total urinary protein concentration (75%) and social status (69%; Table 1; based on conditional model
average sum of weights). The relative importance of age, creatinine, and mass ranged from 23 to 39%; PC ratio
(protein:creatinine concentration) was excluded from the model due to collinearity (VIF=6.97). Total uri-
nary protein concentration during the enclosure phase was positively correlated with RS for males (Spearman
R=0.52, p=0.01; Fig. 1a), but not females (Fig. 1b). This correlation is explained by the low protein concentra-
tion in the urine of non-reproductive males, as it is no longer significant after removing these males from the
analysis (R=0.12, p=0.62; Supplementary Fig. S2). The median total urinary protein concentration was 5512 pg
mL™ and 5028 ug mL™! for reproductive and non-reproductive males, respectively (Wilcoxon rank sum test
W =5, p<0.001; Supplementary Fig. S2).

The most important predictors of female RS were mean body mass (89%) and social status (76%), whereas
age, PC ratio, and total protein and creatinine concentration ranged from 14 to 20% (Supplementary Table S1).
Female mean body mass during the enclosure was positively correlated to RS (R=0.57, p=0.004). When mean
body mass during the enclosure is replaced with initial body mass as a model predictor, the relative influence of
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Figure 1. Reproductive success in relation to urinary protein and social status. Scatterplots show the total
urinary protein concentration of males (a) and females (b) in relation to reproductive success. The boxplot (c)
shows female and male social status in relation to reproductive success. Light gray coloration of data points and
boxes indicate subordinate (S) social status during the enclosures. Black data points and dark gray boxes indicate
dominant (D) social status. The black trend line in the scatterplots shows the loess (local regression) fit for non-
parametric data (50% of data points to fit Epanechnikov kernel).

social status on female RS is 94%; all other variables ranged from 14 to 34% with initial body mass at 23% (Sup-
plementary Table S1). For both sexes, dominant individuals (male = 12; female =9) accounted for the majority
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of reproduction compared to subordinates (male = 12; female = 15; Welch’s t-test post hoc male p=0.006, female
p=0.01; Fig. 1¢c). Reproduction in the enclosures resulted in 306 offspring from 51 litters (multiple paternity
in 69%; Supplementary Table S2). Mate fidelity was 29% and 8% for males and females, respectively. The non-
reproductive mice were all subordinates (male =5; female = 8).

Male urinary VOC expression during the enclosure phase also correlated with male reproductive success.
The explained variance (R?Y) and cross validation score (Q?) of orthogonal partial least-squares (OPLS) models
showed a significant correlation between RS and VOC expression of denatured and intact urine (Fig. 2a; dena-
tured: R?Y'=0.54, Q*=0.46; intact: R?Y=0.51, Q*=0.39). Two specific urinary volatiles, HMH and TMA, cor-
related with male RS. In intact urine, peaks corresponding to HMH expression during enclosures were positively
correlated to RS (Fig. 2b; R=0.63, Pagj < 0.004), but this correlation is weak in denatured urine (R=0.47, Pagj=0.02
(n.s.)). We also confirmed that minor ions of HMH in intact urine were correlated with male RS (8 HMH peaks:
R>0.61, p,g;<0.004). TMA was negatively correlated with RS during the enclosure phase, regardless of protein
conformation (Fig. 2¢; intact: R = — 0.59, Pag < 0.004; denatured: R = - 0.55, o <0.008). After omitting non-
reproductive males, the correlations between reproductive male RS and both HMH and TMA expression were
not significant (HMH: R=0.23, p=0.36; TMA: R=- 0.12, p=0.62; Supplementary Fig. S2). Significant differ-
ences in HMH and TMA expression were observed when comparing reproductive and non-reproductive males
(Wilcoxon rank sum test p <0.003 for both VOCs; Supplementary Fig. S2).

Male RS was correlated with both pheromone excretion and social status, and therefore, we examined domi-
nants and subordinates separately and re-ran OPLS models to isolate the effect of VOC expression on reproduc-
tion. VOC expression and RS did not correlate among dominant males (OPLS model Q*<0, p>0.05), whereas
the VOC expression of intact urine from subordinate males was strongly correlated with RS, and to a lesser
degree in denatured urine (intact: R?Y=0.75, Q*=0.64; denatured: R?Y=0.59, Q*=0.49). We found a correla-
tion of subordinate male RS with HMH expression (R=0.71, p=0.01), and a negative correlation with TMA
(R=-0.70, p=0.01), though neither were significant after Bonferroni adjustment for multiple comparisons
(refer to “Materials and methods”).

Among females, we found no significant associations between VOC expression during the enclosure phase
and RS (OPLS models: R?Y and Q* p > 0.05; Supplementary Table $3). We also examined whether VOC expres-
sion before enclosure phase could predict RS, but OPLS models based on the female and both male MS-datasets
showed no significant correlations (R*Y and Q* p>0.05).

Male urinary proteins. Male urinary protein excretion in seminatural conditions depended upon social
status. Urinary PC ratio (In transformed) of dominant males significantly increased over time and became higher
during the enclosure phase than before (pairwise Tukey post hoc p <0.04; Supplementary Table S4; Fig. 3a). In
contrast, the PC ratio of subordinate males did not vary throughout the experiment (post hoc p >0.41). Linear
mixed effects (LME) modelling reveals that the factors of social status (F, ;s =4.3, p=0.04), time point (F,,s=5.3,
P <0.001), and their interaction (F,,,=3.3, p=0.01) all had a significant effect on PC ratio. Age had a marginal
effect on PC ratio (F, ;=3.26, p=0.07), but not body mass (F, ;,=0.5, p=0.47). Male urinary creatinine con-
centration (In transformed), as with PC ratio, changed after release into the enclosures, depending upon social
status. Creatinine concentration significantly decreased in dominant male urine during the enclosure phase
compared to before (post hoc p <0.02; Supplementary Table S4; Fig. 3b), whereas PC ratio increased. Urinary
creatinine concentration of subordinate males did not vary significantly throughout the experiment (post hoc
p>0.45). The factors of social status (F, ,s=>5.4, p=0.02), time point (F,,s=4.3, p=0.004), and their interaction
(F476=3.1,p=0.02) all had significant effects on urinary creatinine concentration, but not age or body mass. The
LME model of total urinary protein concentration showed a significant increase over time for both social status
groups (F,;6=15.0, p<0.001; Supplementary Table S4; Fig. 3¢), but was not associated with social status, age, or
body mass (all p>0.12).

We indirectly measured urinary MUP20 production based on liver RNA transcription 14 days after the
enclosure phase; however, the LME model average of hepatic Mup20 gene expression showed no association
with social status, RS, or total urinary protein or creatinine concentration in male mice. Predictor importance
ranged from 29 to 14%, suggesting a weak, non-significant correlation between Mup20 transcription and age
(29%, R=0.21, p=0.35), as well as RS (27%, R=— 0.25, p=0.28; Supplementary Table S1). Social status was the
least important predictor of Mup20 transcription (14%). A similar pattern was observed when the response
variable was absolute hepatic Mup20 transcription. Predictor importance ranged from 25 to 14% with age and
RS as the most important (both 25%; Supplementary Table S1) and social status the least.

Male urinary VOCs. We used OPLS models to examine correlations between protein concentration and
VOC expression in male urine. Total protein in denatured urine during the enclosures showed a stronger cor-
relation with VOC expression than intact urine both before (denatured: R*Y =0.68, Q* =0.63; intact: R?Y =0.40,
Q*=0.22; Fig. 4a) and during the enclosures (denatured: R*Y=0.89, Q*> =0.62; intact: R?Y=0.38, Q* =0.15;
Fig. 4b). Regardless of urinary protein conformation, HMH peaks correlate with protein concentration of urine
collected before the enclosures (intact: Pearson R=0.67, p,q; < 3.8E~3; denatured: R=0.77, p,4;<0.005). Other pre-
enclosure correlations between VOCs and urinary protein concentration depended on conformation, including
SBT from denatured urine (R=0.74, p,4;<0.005) and TMA from intact urine (R=0.21, p,4;<3.8E~3). No peaks
correlated with total protein concentration of intact or denatured urine during the enclosures (p,g;>0.003).

We tested whether the expression of VOCs in standard conditions predicted male social status during the
enclosure phase. The discriminant analysis (OPLS-DA) of VOC expression in denatured urine collected before
the enclosure phase did not reliably discriminate males that became dominant during the enclosure phase
(Fig. 5a; full MS-data: R?Y=0.5, Q*=— 0.121, misclassification rate (mcr) =0.17; candidate MS-data: R®*Y=0.311,
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Figure 2. Male reproductive success in relation to VOC expression. OPLS scores plot of reproductive success
based on candidate MS-data derived from denatured male urine collected during the enclosure phase (a). The
x-axis of the scores plot is the predictive component (t1) of the RS response variable. The y-axis is the first
orthogonal component (tol). Data points for dominant and subordinates are labeled D and S, respectively.
Coloration of the data points indicates the range of RS measured for males; high and low RS range from

red to blue, respectively. The Spearman rank correlation of HMH and Trimethylamine expression (b and c,
respectively) with RS shown for intact urine from dominant (black) and subordinate (gray) males during the
enclosure phase. The black trend line in the scatterplots shows the loess fit for non-parametric data (50% of data
points to fit Epanechnikov kernel).

Q*<-0.01, mcr=0.26; Fig. 5b). Furthermore, the VOC peak expression and total ion chromatogram (TIC)
intensity of pre-enclosure urine did not significantly differ based on the social status the individual obtained
during the enclosure phase (Welch’s t-test of TIC: full MS-data p = 0.54; candidate MS-data p=0.55).
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Figure 3. Expression of urinary protein in relation to enclosure phase. Line graphs of PC ratio (In transformed,
a), urinary creatinine concentration (ug mL™ (In transformed, b)), and total urinary protein concentration (ug
mL7}, ¢). Solid and dashed lines indicate males and females, respectively. Black and gray color indicate dominant
(D) and subordinate (S) social status, respectively. Note, February is the before enclosure phase measurement; all
other time points were during. Error bars are+ 1 SEM.

There was a strong association between male social status and urinary VOC expression during the enclosure
phase. The OPLS-DA of full MS-data showed robust separation of dominant and subordinate males based on
VOC expression of denatured urine collected during the enclosures (R*Y=0.79, Q*=0.65, mcr =0.04; Fig. 5¢).
The denatured urine model of candidate MS-data also showed separation by social status but to a lesser degree
(R*Y=0.62, Q*=0.51, mcr=0.13; Fig. 5d). The models of intact urine VOC expression also discriminate social
status but to a lesser degree than the denatured urine models (intact:full: R?Y=0.69, Q*=0.41, mcr=0.17;
intact:candidate: R?Y=0.55, Q*=0.51, mcr=0.17; Supplementary Table S3). In models of full MS-data, one
peak in intact urine and 88 peaks in denatured urine were upregulated in dominant males. The peaks corre-
spond to HMH in denatured urine (mean difference = 1.2E6, Wilcoxon rank-sum post hoc p,4 < 5.5E~4; Fig. 5e),
and 4-methyl-6-hepten-3-one in both urinary protein conformations (denatured: mean difference = 4.6E4,
Pagi < 3.5E—4; intact: mean difference = 1.0E4, p,4 <4.4E—4; Fig. 5f). Details for differentiating the spectra of
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Figure 4. Male VOC expression in relation to urinary protein concentration. OPLS scores plots of total urinary
protein concentration based on candidate MS-data derived from denatured male urine (n=23) collected before
(a) and during (b) the enclosure phase. The x-axis of the scores plot is the predictive component (t1) and the
y-axis is the first orthogonal component (tol). Data points for dominant and subordinate males are labelled D
and S, respectively. Coloration of the data points indicate the range of urinary protein concentration (ug mL™);
high and low concentration range from red to blue, respectively.

these compounds is in Supplementary Fig. S3. Based on full MS-data, dominant males have a higher TIC intensity
than subordinates when comparing denatured urine (mean difference = 1.3E7, p=0.02), whereas this pattern
was not significant for intact urine (mean difference =7.8E6, p=0.2). In models of candidate MS-data, peaks
that correspond to HMH were upregulated in dominant male intact and denatured urine. The TIC intensity of
candidate MS-data did not differ between dominant and subordinate males, regardless of urine conformation
(intact urine p=0.62; denatured urine p=0.28).

Female urinary proteins. Female mice showed a significant increase in protein excretion (PC ratio) after
being released in the enclosures regardless of their social status (Fig. 3a). We observed a significant effect of time
point on female PC ratio (LME: PC ratio (In transformed): F,,5=3.3, p=0.02; Supplementary Table S4), but not
for social status, age, body mass, or status:time point interaction (all p>0.55). Time point also had a strong effect
on the LME model of total urinary protein concentration (Fig. 1¢; F, 75=9.9, p <0.001; Supplementary Table S4).
Female mice significantly upregulated total protein concentration and PC ratio during the enclosure phase (Feb-
Mar pairwise Tukey post hoc comparison for both D and S p <0.001; Fig. 3a,c). Age and body mass had a mar-
ginal effect on urinary protein concentration in females (age: F, ;5=3.6, p=0.06; mass: F, ,5=2.8, p=0.09), but
not social status or status:time point interaction (all p>0.34). The LME of urinary creatinine concentration (In
transformed) was not significantly affected by the model variables (all p>0.18; Supplementary Table S4), and
although stochastic, mean values did not vary significantly between time points (Fig. 3b).

Female urinary VOCs. Total urinary protein concentration was correlated with VOC expression in dena-
tured female urine, as observed for males but to a lesser extent for female urine (Supplementary Table S3). Total
protein concentration of denatured urine collected during the enclosures showed a slightly stronger correlation
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Figure 5. VOC expression in relation to social status. OPLS-DA scores plots of social status before (a,b) and
during the enclosures (c,d) based on the full MS-data (a,c) and the candidate MS-data (b,d) derived from
denatured male urine (n=23).The x-axis of the scores plot is the predictive component (t1) and the y-axis is the
first orthogonal component (tol). Data points for dominant (black) and subordinates (light gray) are labelled
D and S, respectively. The boxplots show differential expression of HMH and 4-methyl-6-hepten-3-one (e and
f, respectively) in intact urine for dominant (D) and subordinate (S; dark and light gray, respectively) males
and females (lattice; n=24) at both enclosure phases. Different letters above the boxplots denote significant
differences.

to VOC expression compared to before the enclosures (before: R?Y =0.68, Q*=0.44 during: R*Y=0.71, Q*=0.28).
A positive correlation with total protein concentration was observed for 10 peaks before and 2 peaks during the
enclosure phase; the VOC(s) to which the peaks correspond were not identified. The OPLS models of female
urine examining intact total protein concentration, or PC ratio and creatinine of both intact and denatured urine
did not correlate with VOC expression regardless of enclosure phase (p>0.05; Supplementary Table S3).
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Unlike males, VOC expression was not associated with social status in females, regardless of protein con-
formation and enclosure phase. The OPLS-DA of full MS-data moderately discriminate social status with low
predictive ability in denatured female urine (R*Y=0.52, Q*=0.37, mcr=0.04), and to a lesser extent in intact
urine (R?Y=0.47, Q*=0.19, mcr=0.17). For both intact and denatured urine analyses, there were no signifi-
cant differences in peak intensity based on social status. The TIC intensity was slightly higher for subordinate
females during the enclosures, but this difference was not significant (intact:D mean TIC = 2.5E7, intact:S mean
TIC=3.2E7, p=0.14; denatured:D mean TIC=2.3E7, denatured:S mean TIC=2.8E7, p=0.36). The OPLS-DA of
denatured female urine before enclosure phase was not related to social status (R*Y=0.46, Q*<0.01, mcr=0.20).
There were no expression differences in specific peaks and females that became subordinate during enclosures
showed a slightly higher TIC intensity than dominants, though this difference was not significant (before:S
mean TIC =1.3E7, before:D mean TIC =1.2E7, p=0.65). With regard to specific female pheromones, the peaks
corresponding to 2-heptanone did not correlate with female RS, social status, or urinary protein excretion (R*Y
and Q? p>0.05; Supplementary Table S3). Two other female pheromones, IBA and 2,5-dimethylpyrazine, were
not detected in any samples.

Sexual dimorphism of chemosensory signals. Total urinary protein concentration and PC ratio
increased significantly during the enclosure phase in both sexes (generalized mixed model (GLMM)); pro-
tein concentration X*=28.1, ¢=0.77, p<0.001; PC ratio X*=28.6, ¢=0.77, p<0.001; creatinine concentration
X2=4.6, ¢=0.31, p=0.3 (n.s.); Supplementary Table S5). Overall, the mean values of PC ratio and both protein
and creatinine concentration were significantly greater for males than females (all p <0.001). There was a sig-
nificant sex:housing interaction on urinary protein (X*=43.8, ¢=0.96, p<0.001) and creatinine concentration
(X2=9.1, ¢=0.44, p=0.002), and a marginal effect on PC ratio (X2=3.7, ¢=0.28, p=0.053). The interaction
result indicates greater sex differences in protein concentration in standard housing conditions (M:F ratio =8.5;
Supplementary Table S5) compared to seminatural enclosure conditions (M:F ratio=>5). Similarly, the degree
of sexual dimorphism in urinary creatinine decreased from before (M:F ratio=1.7) to during enclosure phase
(M:F ratio=1).

Sexual dimorphism in urinary volatiles was discernible after controlling for protein conformation and enclo-
sure phase. OPLS-DA of intact urine better discriminate the sexes before rather than during enclosures (before:
R*Y=0.87, Q*=0.62, mcr=0.04; during: R*Y=0.82, Q* =0.7, mcr =0.09; Supplementary Table S3). The expres-
sion of 82 peaks representing IT, SBT, TMA, and HMH (Fig. 5¢) showed a male bias in pre-enclosure intact
urine. During the enclosures, we observed a sex-biased expression of 74 peaks (female:male bias 8:66) in intact
urine. Peaks representing TMA and SBT were upregulated in males during the enclosure phase, while females
upregulated 4-methyl-6-hepten-3-one, which was also upregulated in the denatured urine of dominant males
(Fig. 5f). Male TIC intensity of intact urine was greater than female TIC intensity before (mean difference =1.7E7,
p<0.001) and during the enclosure phase (mean difference=1.4E7, p <0.001). As observed with urinary protein
levels, the sexual dimorphism of intact urine TIC intensity was significantly greater before compared to during
the enclosure phase (M:F before=2.1; M:F during=1.5; X2=11.6, ¢=0.71, p<0.001; Supplementary Table S5).

OPLS-DA of sexual dimorphism are improved when analyzing denatured versus intact urine. Sex discrimi-
nation based on VOC expression of denatured urine is more accurate during than before the enclosure phase
(before: R*Y=0.72, Q* =0.51, mcr=0.04; during: R?Y=0.89, Q*> =0.84, mcr =0.04; Supplementary Table S3).
The expression of 88 peaks representing 4-methyl-6-hepten-3-one, HMH, and TMA showed a male bias in
pre-enclosure denatured urine. During the enclosures, we observed male-biased expression of 76 peaks, with
upregulations of DHB, IT, SBT, and TMA in denatured urine. Male TIC intensity of denatured urine was greater
than female TIC intensity before (mean difference=2.1E7, p<0.001) and during the enclosure phase (mean
difference=2.1E7, p <0.001). Consistent with the intact urine result, the sexual dimorphism of denatured urine
TIC intensity significantly decreased during the enclosure phase (M:F before =2.6; M:F during=1.8; X*=7.9,
¢=0.59, p=0.005; Supplementary Table S5).

Discussion
The most important predictor of male reproductive success in the enclosures was urinary protein concentration,
which is mainly composed of MUPs®. The intensity of HMH, a volatile male pheromone, was also correlated with
male RS, and thus, the production of non-volatile and volatile pheromones both correlated with male RS. HMH
is unstable during GC analysis and produces several ions with different peaks (Supplementary Fig. $3), but we
found that the minor ions of HMH were correlated with male RS as well. The second most important predictor
of male RS was social status, and social status was associated with differences in the excretion of both urinary
protein and VOCs. Therefore, the effects of pheromone production on RS could have been through direct male-
male competition, female mate choice, or both. MUP excretion may have deterred rival males from entering
dominant males’ territories?, thereby reducing agonistic interactions and mate-competition. MUP excretion
may have attracted females to males’ territories, or increased female attraction and sexual receptivity by control-
ling the release of HMH and other pheromones that influence female reproductive physiology and behavior.
Our findings corroborate results from previous studies on social status in wild-derived mice living in semi-
natural conditions (i.e., reduced reproductive success of subordinate males'” and increased urinary protein and
HMH pheromone expression in dominant males®*). Social status did not correlate with body mass, which also
confirms results from a previous study in seminatural conditions on mice from this population®, but contrary
to a result on group-housed laboratory strains*. Males that obtained a territory substantially increased urinary
protein excretion within four weeks after release in the enclosures, whereas subordinate males did not show any
changes in protein excretion over time. There were no differences in pheromone production between dominant
and subordinate males before their release into the enclosures, confirming that acquisition of dominant social
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status influenced pheromone regulation, rather than vice versa®. The increased protein excretion of dominant
males was revealed only after controlling for urine concentration using creatinine levels (PC ratio), and social
status had no effect on the total protein concentration. The rate of creatinine production is reportedly consist-
ent for animals of similar body mass?, yet a considerable drop in creatinine concentration in dominant males
was found in the present study and in a study on domesticated male mice in social housing®. It is not known
whether urinary creatinine is used as a signal of social status. Low creatinine concentrations can indicate that
dominant males excrete higher volumes of urine per day*®; however, we found that males had similar urine
volumes regardless of social status.

Although we did not measure daily urine production, dominant males that upregulated the excretion of
MUPs and VOCs may have also increased their urinary scent mark deposition in the enclosures. Indeed, previ-
ous studies found that dominant males produced more urine*” and scent marks compared to subordinates®®; and
male scent-marking is correlated with RS when females can select their mates®. We also investigated hepatic
Mup20 gene expression of males, as high levels of MUP20 excretion have been found in dominant males®, but
we found no correlations with social status or RS. This negative result is not definitive, however, because males
were not sampled until 14 days after terminating the enclosure phase and differences in protein excretion between
dominant and subordinate males have been found to disappear after removal from seminatural conditions (<28
days?). Nevertheless, this finding supports a previous study showing that that dominant and subordinate males
no longer show differences in MUP expression after being removed from competitive conditions*.

Social status also correlated with the intensity of VOCs in male urine, and analyses of the full MS-data were
better at discerning dominants from subordinates than the candidate MS-data. This finding indicates that social
status affected the expression of several unidentified VOCs in male urine. Some volatile pheromones (HMH
and 4-methyl-6-hepten-3-one) were differentially expressed in the urine of dominant males, but others were not
(DHB, SBT, and farnesene). The urine of dominant, territorial males was also found to have higher intensities of
HMH than subordinates in a previous study of wild-derived mice in seminatural conditions®. HMH is androgen-
dependent and a female attractant, but only when combined with DHB and SBT*. The expression of DHB, SBT
and farnesene were not upregulated in dominant males, and these volatile compounds were excreted by all males
(before and during the enclosures). Therefore, it is possible that they help to elicit reproductive receptivity in
females when combined with other chemosensory compounds to form a multicomponent pheromone®. The
signaling functions of 4-methyl-6-hepten-3-one are not well-studied, though it has been found to be upregulated
(along with DHB and SBT) in the urine of aged males (15-20 mo), and is preferred by females in olfactory assays
over the urine of younger adults (3-8 mo*'). Furthermore, the VOC expression in male urine does not sufficiently
discriminate dominants from subordinates before the mice were released into the enclosure, indicating that social
status regulates VOC production, and not vice versa.

Because pheromone production (urinary proteins and VOCs) and social status were both correlated with
male RS, we investigated their independent effects. Unexpectedly, we found that male VOC expression in intact
urine was correlated with RS of subordinate but not dominant males. This finding is largely influenced by low
HMH and high TMA expression from non-reproductive subordinate males, since subordinate sires had expres-
sion levels similar to some dominant males. Therefore, subordinate males may increase their ability to attract
females via HMH expression, despite being non-territorial. We found that the intensity of TMA was highly
elevated in subordinate males and it was negatively correlated with male reproductive success. TMA is abundant
in the urine of mice and shows ca. 30-fold higher levels in males than females*%. This amine is a metabolite of
gut microbiota®?, and it is sexually dimorphic because females oxidize it in the liver''. Mice show an attraction
to urine with normal physiological levels, but an aversion to high TMA concentrations (= 1000 mM'!). TMA
is detected by trace amine-associated receptors (TAARs****), and TAAR5 knockout mice lose their attraction
to TMA and to mouse urinary scent'’. Yet, avoidance of high TMA persists in knockout mice, indicating other
receptors are sufficient for aversive responses*. TMA has been proposed to influence sex and species-specific
recognition in mice*, and to function as an aversive allomone (Mus musculus excrete 1000-fold higher levels
than other Mus species, and it is repellant to rats'!). TMA is an indicator of spoilage and putrefaction of dead and
decaying animals (it smells like rotten fish to humans), and it is highly aversive to many species*?. High urinary
TMA provides an indicator of parasitic infection (Schistosoma*” and Cryptosporidium*®), which may help explain
how females discriminate and prefer the scent of healthy over infected males**®*. TMA is also elevated in the
urine of distressed mice (under stress restraint™). Taken together, our results show that high TMA is associ-
ated with subordinate social status and low reproductive success. Studies are now needed to experimentally test
whether females avoid males having high levels of urinary TMA.

In contrast to males, there was no correlation between female RS and urinary protein or VOC expression.
Furthermore, females showed no correlation between social status and total protein concentration (or PC ratio),
confirming one previous study? but not another one*'. There was no correlation between VOC expression and
female social status, though we did not detect the urinary pheromones Isobutylamine?® and 2,5-dimethylpyra-
zine"*2. We confirmed that female RS was correlated with social status®, and also body mass, but the latter was
undoubtedly due to gaining weight during pregnancy (initial mass showed no such correlation and several
females were visibly pregnant during urine collections). Based on these findings and our behavioral observa-
tions, dominant females may have deterred subordinate females from mating through direct agonistic interac-
tions, rather than pheromonal excretion of estrus-inhibitors or mate-attractants in urine. Notably, we did not
definitively measure female reproductive state, and periodic fluctuations of urinary compounds coincide with
stage of estrus®”* or pregnancy*>**. Closely monitoring for such effects in seminatural conditions would increase
the frequency of handling the mice, and we opted to minimize disturbances that potentially affect behavior>>.

We confirmed sex differences in urinary protein and volatile excretion of house mice, and also that these
well-established sex differences in standard housing are reduced in competitive, seminatural conditions®. We
confirmed that baseline levels of urinary PC ratio in standard housing conditions applies to subordinate males,
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but not to dominant males or females®*. Furthermore, the degree of sexual dimorphism of VOC expression
depended on housing conditions and urinary protein conformation. Our findings suggest that the relatively low
variation among males and large sex differences in laboratory studies are artifacts due to artificial conditions.

In contrast to a previous study?, total protein concentration of intact urine did not correlate with TIC
intensity for either sex during the enclosure phase. However, our statistical analyses differed from this previous
study, as OPLS models of urinary protein concentration in relation to VOC expression control for sex, hous-
ing condition, and protein conformation. Despite our attempts to minimize confounding factors, we observed
inconsistent expression of VOCs associated with RS, social status, urinary protein, housing conditions, and sex
differences depending on whether the GC-MS data is derived from intact or denatured urine. Disparities in
VOC expression are likely due to the affinity of ligands to the MUP binding cavity despite protein denaturation®.
These results raise additional caveats for results obtained by studying chemical signals of rodents kept in standard
housing conditions.

Our results show that the production of specific pheromones correlated with the reproductive success of wild-
derived male house mice living in competitive conditions. Males regulated the production of these chemosensory
compounds depending upon their social status. To our knowledge, these findings are the first to describe the
relationship between pheromone expression and reproductive success in any mammal. Since urinary protein
output and HMH intensity correlated with male but not female reproductive success, our findings help to explain
the evolution of sexually dimorphic (male-biased) expression of MUPs and HMH in house mice. Female RS
was associated with social status based on agonistic interactions, and though we did not find any correlations
with specific urinary chemosensory compounds, this does not mean that we can rule them out. More studies
are needed to investigate female pheromones and RS. Future studies are also needed to examine the biochemical
pathways and neuro-endocrine mechanisms through which males regulate chemosensory signals and experimen-
tally test whether pheromones affect RS under competitive conditions. Furthermore, chemosensory compounds
are found in lachrymal, mammary, salivary, and vaginal secretions of mice®*’, and though it would require
invasive sampling, future studies are needed to incorporate more of the emanations that mice use for chemical
communication. Our results suggest that the 'normal’ or "baseline’ levels of pheromones found in the laboratory
are not ecologically relevant and are more indicative of studying mice in cages. Therefore, efforts to understand
the mechanisms and functions of chemical signals require studying animals under more natural social contexts.

Materials and methods

Trapping, breeding animals, and standard housing conditions. Experimental animals (N=48)
were virgin F3 offspring of 17 breeding pairs of wild house mice (Mus musculus musculus) trapped at seven loca-
tions within a 300 m radius in Vienna, Austria (48°13'14"N; 16°17'00"E). Mice were weaned at 21+1 d, sepa-
rated from siblings at the age of 35+ 1 d and housed in standard mouse cages (type IIL, 36.5x20.5x 14 cm, Tec-
niplast, Germany) containing wooden bedding (ABEDD, Austria), a cardboard roll, cotton nestlets© (ABEDD,
Austria), and a plastic nest box (Tecniplast, Germany). Water and food (Altromin rodent diet 1324) were pro-
vided ad libitum and temperature was maintained at 22+2 °C. Mice were kept on a 12:12 h light:dark cycle
with red lights on at 1500. Wild-derived mice in our colony are often aggressive toward same-sex conspecifics
when multiply-housed in cages. Thus, all individuals were singly housed from their weaning date until the start
of the experiment. We use these descriptions of housing, diet, and light:dark cycle to define standard housing
conditions. At weaning, all animals received an ear-punch for individual identification and to obtain tissue for
DNA paternity analyses. The Ethical and Animal Welfare Commission at the University of Veterinary Medicine
Vienna approved the experimental protocols (permit no. 02/08/97/2013). We confirm that all experiments and
animal handling were performed according to the ethical standards and guidelines outlined by the Ethical and
Animal Welfare Commission. All reported procedures conformed to the Animal Research Reporting of in vivo
Experiments—ARRIVE guidelines®®.

Seminatural enclosure housing conditions. Mice were simultaneously released at the center of
one of four indoor seminatural enclosures (Supplementary Fig. S1). Each enclosure consisted of 12 mice
(1:1 sex ratio) that were sexually mature at the start of the experiment (mean +s.d. age of males=134 d+28,
females =133 d +26). Mice within an enclosure were non-siblings and males were matched for body mass (maxi-
mum difference=0.9 g). Each enclosure (4 x9 m) was subdivided into eight compartments (wire-mesh fencing,
40-cm high), which mice could scale, but tended to use as territorial boundaries. Wooden bedding (ABEDD,
Austria), plastic nest boxes, water stations, wood wool, and nesting material (paper towels) were provided. Food
(Altromin rodent diet 1324) and water were provided ad libitum and temperature was maintained at 22+2 °C.
Mice lived in the enclosures for 16 weeks between February-June 2016 with a light:dark cycle, as described for
standard housing conditions.

Behavioral observations. To assess social status, behavioral observations of the mice were conducted
three to five days per week for 30 min/day between 1500 and 1700 during the entire period (241 h total observa-
tion time, 60.3 h mean time per enclosure). Males received unique fur cuts before release, facilitating identifica-
tion under red light; females were identified by their unique ear punches. Observers monitored the behavior
of mice through observation windows from adjacent rooms to avoid disturbance. They recorded interactions
(classified as aggressive, submissive, and investigatory behaviors), the location of the interaction, and the indi-
viduals involved. A dominance index for each individual was calculated by dividing the number of aggressive
and investigatory interactions by the total number of interactions'” (depicted in Eq. 1).
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Aggressive + Investigator
Dominance Index = &8 satory

Submissive + Aggressive + Investigatory (1)

Mice obtaining a dominance index >80% within an enclosure compartment were considered to be domi-
nant; otherwise they were considered subordinate. Adult survival was monitored daily and offspring born in the
enclosures were removed upon discovery. Offspring tissue was collected for paternity analyses.

Urine sampling. For monitoring urinary protein and volatile pheromone production, we conducted five
urine collection events from each enclosure population over 16 weeks, at 4-week intervals (outlined in Sup-
plementary Fig. S1). The first collection event was conducted immediately prior to the release of mice into
the enclosures, while they were still kept in standard housing conditions (‘before enclosure phase’ sample).
Four additional collection events occurred while mice were living in seminatural conditions (‘during enclosure
phase’). Urine was collected from mice in metabolic cages (Techniplast, Germany), which minimizes handling
stress and fecal contamination. All collections were conducted under red light at the beginning of the dark cycle
in the enclosures. Upon excreting > 70 uL of urine, mice were put into individual cages and then simultaneously
released back into the enclosure (60 min duration for the entire collection event). Only 2 out of 227 urine collec-
tions provided an insufficient volume during the sampling periods. Urine and feces were transferred to separate
Eppendorf tubes, immediately frozen, and stored at—80 °C; handling was the same for each sample to avoid
possible freezing and storage biases. An aliquot of urine was collected in a glass GC vial for GC-MS analyses
and stored as described.

Urinary protein measurements. As previously described?, total urinary protein concentration (ug
mL™") was measured in triplicates using a standard Bradford assay on a 96-well microplate®. Triplet values not
within a+10% range were repeated. We adjusted total urinary protein concentration with creatinine concentra-
tion to calculate urinary protein excretion (PC ratio), as this value is expected to account for renal activity and
urine dilution (creatinine measured by InVitro: Labor fiir Veterinarmedizinische Diagnostik & Hygiene GmbH,
Vienna, Austria). Some studies report 99% of urinary protein is composed of MUPs®, in our wild-derived mice,
¢.85% of the total protein in urine consists of MUPsS, yet proteoform expression varies depending on age®! and
social conditions®’. In accordance with other studies on urinary protein'®**%, we report PC ratio, total protein
concentration (unadjusted values), and creatinine concentration (ug mL™!) as response variables in separate
models.

GC-MS analysis of volatile molecules.  Urine samples of 23 males (11 dominant, 12 subordinate) and 24
females (9 dominant, 15 subordinate) were obtained before and during the enclosure phase and analyzed with
GC-MS as previously described®. The ‘during enclosure’ sample was a pool containing an individual’s urine
from all collection events while living in the enclosures (outlined in Supplementary Fig. S1). We examined intact
urine and denatured urine (15 pL each) because VOC expression in the headspace has been shown to change
depending on urinary protein conformation®. Pheromonal MUP ligands are elevated after denaturing protein
in the urine, as expected, and we denatured urine protein with guanadine hydrochloride (GdmClI) to assess the
intensity of these MUP-bound pheromones®%. We are not aware of any alternative approaches for investigat-
ing VOCs bound to MUPs (and we are not aware of any volatile artifacts derived from GdmCl). An aliquot of
intact urine was denatured with 20 mg of GdmCl (product # G3272, Sigma-Aldrich, Vienna, Austria) in a 4 mL
glass vial. The vial was submerged in a water bath at 37 °C and was equilibrated for 10-15 min. The VOCs in
the headspace of the sample were extracted by a 2 cm three-component solid phase microextraction (SPME)
fiber (30 um carboxen, 50 um divinyl-benzene, polydimethylsiloxane; Supelco Corp., Bellefonte, PA, USA) for
15 min at 37 °C. The urine sample in the vial was agitated using a magnetic stirrer during the equilibration
period, but not in the extraction period. The SPME fiber containing the adsorbed compounds was then inserted
into the injection port of the GC-MS instrument and desorbed for 1 min at 240 °C. A Supelcowax 10 GC col-
umn (30 m x0.25 mm with 0.50 pm film thickness; Sigma-Aldrich, Vienna, Austria) coupled with a Shimadzu
GC-MS QP2010 Plus (Duisburg, Germany) were used to analyze the VOCs collected via SPME. The oven tem-
perature was held at 40 °C for 1 min, then programmed at 6 °C/min to 220 °C with a 9-min hold at this final tem-
perature. The carrier gas was helium at a 38.9 cm/sec linear velocity. The transfer line temperature between GC
and MS was 250 °C. Operating parameters for the mass spectrometer were as follows: ion source temperature at
200 °C; electron impact ionization (70 eV); and scanning frequency was 4/s from m/z 41 to m/z 300.

Raw GC-MS spectral files were converted to a registry of “peaks” defined as a single ion (mass/charge or
m/z) at a specific GC retention time as well as the intensity of that ion for each sample as previously described®*.
Statistical analyses of differential compound expression were performed on the peak registry dataset (N=1079
peaks), henceforth referred to as the “full MS-data”. Second, we took a candidate approach by focusing on peaks
associated with the following male signaling pheromones: (1) 3,4-dehydro-exo-brevicomin (DHB), (2) farnesene,
(3) 4-methyl-6-hepten-3-one, (4) 2-isopropyl-4,5-dihydrothiazole (IT), (5) 2-s-butyl-4,5-dihydrothiazole (SBT),
(6) trimethylamine (TMA), and (7) 6-hydroxy-6-methyl-3-heptanone (HMH). Peaks were identified after com-
parison to a mass spectral library (NIST08) combined with manual interpretation. Our GC-MS method accounts
for co-elution of HMH with other volatiles, an issue that has been observed for nonpolar SGE columns®. The
candidate approach yields a peak registry dataset (N =39 peaks) referred to by the authors as the “candidate
MS-data” The seven listed pheromones correspond to 39 peaks because the fragmentation of a single molecule
during mass spectrometry creates multiple ions (peaks), which are then quantified (e.g. 3 peaks correspond to
TMA). The analyses of full and candidate MS-data were largely congruent for male urine. We report the results
of candidate MS-data in the results section unless otherwise noted; analyses of full MS-data are detailed in
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Supplementary Table S3. Notably, there is no method for determining the actual total amounts of MUP ligands
(or relative intensities), as some unknown portion still remains bound to denatured MUPs even after repeated
extractions®. Consequently, negative results for MUP ligands should be treated with caution, especially for urine
samples with high MUP concentration.

Mup20 gene expression and genetic paternity analyses. We used ddPCR to quantify Mup20 gene
expression in the hepatic tissue (henceforth, italicized Mup20 refers to nucleic acid molecules whereas MUP20
refers to protein). Due to logistical issues, 14 days elapsed between termination of the enclosure phase and
euthanization of the mice. Upon euthanization, the liver was removed and immediately immersed in RNAlater
(Qiagen) for 24 h before storage at — 80 °C. The RNA from hepatic tissue (c.25 mg) was extracted with RNeasy
Mini Kit (Qiagen) following the manufacturer’s instructions, and concentration was measured with a NanoDrop
(Thermo Scientific). Between 1 and 1.5 mg of RNA was reverse-transcribed to cDNA using the High-Capacity
cDNA Reverse Transcription Kit (Applied Biosystems). The QX200™ Droplet Digital™ PCR system (Bio-Rad)
was used to quantify Mup20 transcripts (247 bp) relative to a non-variable copy number reference gene (c-myc,
82 bp, Accession no. NM_001177354). The 20 uL ddPCR mixture was composed of: (1) 10 uL ddPCR super-
mix for probes (Bio-Rad), (2) 50 uM Mup20 forward and reverse primers, (3) 10 uM Mup20 probe, (4) 50 uM
c-myc forward and reverse primers, (5) 10 pM c-myc probe (see Supplementary Table S6 for primer and probe
sequences), and 6) 2 uL of cDNA sample. The mixture and 70 pL of droplet generation oil were placed into the
DGS8 cartridge and inserted to the droplet generator (Bio-Rad) for droplet formation. Droplets were then trans-
ferred to a 96-well PCR plate (Eppendorf). The thermal profile for PCR amplification was an initial denaturation
at 95 °C for 10 min, followed by 40 cycles of 94 °C for 30 s and 57 °C for 60 s, 1 cycle of 98 °C for 10 min, and
ending at 4 °C; reaction performed by C1000 thermal cycler (Bio-Rad). After amplification, the plate was loaded
on the droplet reader (Bio-Rad) and quantified. A no-template reaction was included to control for possible
reagent contamination. The ratio of Mup20 positive droplets to c-myc positive droplets was used to calculate
Mup20 gene expression. We also measured absolute gene expression by dividing Mup20 copy number by amount
of RNA (ng) used for reverse-transcription. We did not conduct genetic analyses to assess variation in MUPs
because a previous survey on this population of mice detected no individual variation in Mup gene sequences
and low microsatellite diversity throughout the entire Mup gene cluster®.

For genetic paternity analyses, DNA was extracted from ear punch samples using a proteinase K/isopropanol
protocol®” and individuals were genotyped at a minimum of nine and a maximum of 14 microsatellite loci (see
Supplementary Table S6 for primer sequences). Amplification by PCR and scoring were done as previously
reported®. Paternity results were confirmed with a>95% trio confidence (dam-sire-offspring relationship) using
the program CERVUS 3.0.3.

Statistical analyses. Statistical analyses were performed using the R statistical package® (R Development
Core Team version 4.0) and the assumptions of the methods used were first verified.

Reproductive success (RS). 'The relationship between urinary protein excretion and RS was analyzed with a
LME model for each sex (Ime function, package nlme’). RS was calculated using a natural log transformation
of (1+the number of offspring produced by an individual). Using RS instead of total number of offspring as a
measure of fitness provides a Gaussian distribution of the model residuals and accounts for individuals with zero
values (no offspring). Social status and the mean values of total urinary protein concentration, creatinine, PC
ratio, age, and body mass during the enclosure phase were included as variables in the model with enclosure as a
random factor. Due to collinearity in the models, we calculated the VIF for each variable to determine the level of
inter-correlation between them. We removed variables sequentially from the model and recalculated VIFs until
all values were < 37!. Post hoc analyses were performed with Welch’s t-test for categorical variables, or Spearman
rank correlation test for continuous variables.

Due to the number of model variables and uncertainty in model selection, a multi-model inference
procedure’” was used to estimate the relative explanatory importance of each variable. Models were ranked
based on Akaike’s Information Criterion value corrected for small sample sizes (AICc) and coeflicients for each
variable were calculated based on weighted estimates of retained models (the condition for retaining a model
was AAICc < 10). The relative importance of a variable was established by summing the Akaike weights of each
model in which it was a predictor (i.e. variables with high importance are included in models with low AICc).
This multi-model inference procedure was applied to LME models in which RS and Mup20 gene expression are
response variables, allowing us to simultaneously test their multiple potential relationships with age, size, social
status, and chemical signaling. We refer to this procedure as model averaging.

Urinary protein excretion. Three LME models for each sex were used to examine the relationship between
urinary protein excretion (PC ratio, total protein concentration, and creatinine concentration) and social status.
Model averaging was not performed because fixed factors were inferred from a previous study*!. PC ratios and
creatinine values were natural log transformed to obtain a Gaussian curve of the model residuals. Social status,
time point (urine collection event), and the interaction of social status:time point were used as fixed factors; age
and body mass were covariates in each model. Since we repeatedly sampled individuals, we include a random
factor of individual ID nested in enclosure. We used the varldent function to account for heteroscedasticity in
the social status factor and fit the LME model using the maximum likelihood method. The anova.lme function
produced F and p values for testing significance of model variables. Pairwise comparison post hoc tests were
performed for the interaction social status:time point in each model using the glht function with Tukey correc-
tion for multiple testing (package multcomp”).
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Sex differences in urinary protein excretion were examined with GLMMs (glmer function, package Ime4’*)
due to non-parametric data comprising repeated measures of sexually dimorphic traits. Sex, housing (standard
or enclosure), and the sex:housing interaction as fixed effects on the response variables of PC ratio, total protein
concentration, and creatinine concentration. A previous study found a correlation between urinary protein con-
centration and TIC intensity?*. Therefore, we included the TIC intensity of intact and denatured urine samples
as response variables for a total of five GLMMs. Individual ID nested in enclosure were included as random
factors. An inverse link function was used to account for the inverse Gaussian distribution of the urinary pro-
tein variables. Wald chi-square tests were used to determine significance of the model effects (function anova,
package stats®).

Gene expression of Mup20. LME models were used to examine the relationship between hepatic expression of
Mup20 and urinary protein excretion, social status, and reproduction. Social status, RS, and the mean values of
total urinary protein concentration, creatinine, PC ratio, age, and mass during the enclosure phase were included
as variables in the model with enclosure as a random factor. We used Mup20 gene expression and absolute values
(based on initial RNA amount) as response variables in separate models. Corrections for collinearity, model
averaging, and post hoc analyses were performed as described for RS.

VOC expression and identification of differentiating compounds. We conducted OPLS-DA models on the full
MS-data with either sex, enclosure phase, or social status as the categorical covariate. The continuous covari-
ates of reproductive success, total urinary protein concentration, creatinine (In transformed), and PC ratio (In
transformed) were analyzed with OPLS models. Additional models using candidate MS-data were performed
on male GC-MS data only. The relationship between MS-data and a given covariate was analyzed using opls
function in the package ropls’>. The supervised OPLS-DA performs a sevenfold cross validation based on the
latent components. This allows us to visualize groups of mice based on the regression of latent components to
the covariate. The variance explained by the model (R?Y) and the predictive ability of the model based on cross
validation (Q?) describe the relationship of the covariate to the MS-data. This method also calculates a value of
importance to the projection (VIP) for each peak. A large VIP indicates a strong association between a peak
and the model covariate. For OPLS-DA, Wilcoxon rank-sum tests with a Bonferroni adjusted p-value due to
multiple comparisons (alpha=0.05) were used to compare the peaks important for the discriminant analysis
(VIP>1) between the two classes of the covariate. Pearson or Spearman rank (non-Gaussian) correlation tests
with Bonferroni adjusted p-values were used to compare the association between the continuous covariate with
important VOC peaks (VIP > 1) derived from the OPLS model. Since multiple peaks can relate to a single VOC,
we provide the results of the greatest VIP peak associated with the male pheromones in the candidate MS-data.
The R*Y and Q? model coefficients reported in the results section have a corresponding alpha value of 0.05 unless
otherwise noted.

Data availability
Upon publication, datasets will be available on Mendeley Data repository or by contacting the corresponding
authors.
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Abstract

Males in a wide variety of taxa, including insects, birds and mammals, produce vocalizations
to attract females. Male house mice emit ultrasonic vocalizations (USVs), especially during
courtship and mating, which are surprising complex. It is often suggested that male mice
vocalize at higher rates after interacting with a female, but the evidence is mixed depending
upon the strain of mice. We conducted a study with wild-derived house mice (Mus musculus
musculus) to test whether male courtship vocalizations (i.e., vocalizations emitted in a sex-
ual context) are influenced by a prior direct interaction with a female, and if so, determine
how long the effect lasts. We allowed sexually naive males to directly interact with a female
for five minutes (sexual priming), and then we recorded males’vocalizations either 1, 10, 20,
or 30 days later when presented with an unfamiliar female (separated by a perforated parti-
tion) and female scent. We automatically detected USVs and processed recordings using
the Automatic Mouse Ultrasound Detector (A-MUD version 3.2), and we describe our
improved version of this tool and tests of its performance. We measured vocalization rate
and spectro-temporal features and we manually classified USVs into 15 types to investigate
priming effects on vocal repertoire diversity and composition. After sexual priming, males
emitted nearly three times as many USVs, they had a larger repertoire diversity, and their
vocalizations had different spectro-temporal features (USV length, slope and variability in
USV frequency) compared to unprimed controls. Unprimed control males had the most dis-
tinctive repertoire composition compared to the primed groups. Most of the effects were
found when comparing unprimed to all primed males (treatment models), irrespective of the
time since priming. Timepoint models showed that USV length increased 1 day after prim-
ing, that repertoire diversity increased 1 and 20 days after priming, and that the variability of
USV frequencies was lower 20 and 30 days after priming. Our results show that wild-derived
male mice increased the number and diversity of courtship vocalizations if they previously
interacted with a female. Thus, the USVs of house mice are not only context-dependent,
they depend upon previous social experience and perhaps the contexts of these experi-
ences. The effect of sexual priming on male courtship vocalizations is likely mediated by
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neuro-endocrine-mechanisms, which may function to advertise males’ sexual arousal and
facilitate social recognition.

Introduction

Males in many species produce complex courtship vocalizations to attract females, which
can provide information about their quality and compatibility to potential mates [1-4]. In
some taxa, such as insects, amphibians, rodents, and bats, individuals communicate through
ultrasonic vocalizations (USVs) (>20 kHz) [5-8]. Male house mice (Mus musculus) produce
surprisingly complex USVs, which show features of bird song [9] (reviewed in [10]). Males
mainly emit USVs upon encountering females or their scent [11-14], and their vocalizations
become more complex during courtship and mating [15]. Vocalizations emitted by male
mice during sexual contexts are widely referred to as courtship ultrasonic vocalizations
(cUSVs) [8, 12, 16, 17], though these vocalizations may have other functions. Both sexes
vocalize [18], but males emit most of the USV's during direct opposite-sex interactions [19].
Males vocalize at high rates during anogenital sniffing and copulation [13, 16, 20-22],
whereas they cease vocalizing abruptly after ejaculation [13, 20, 23, 24]. Females are attracted
to playbacks of male USVs [14, 25-27], and these vocalizations can enhance mating and
reproductive success [17, 28, 29]. Females are more attracted to vocalizations of males of
their own versus other Mus species [30] and to the USVs of unrelated males over siblings
[14]. The USVs of house mice are innate in the sense that they do not require vocal learning
[31]. Nevertheless, the number and types of vocalizations that male mice produce depends
upon their internal state and social and sexual contexts [32], which may be influenced by
previous experience and perception of potential mating opportunities. USVs may provide
indices of an individual’s emotional state [33], and may signal a male’s sexual arousal and
interest in a potential mate.

Numerous studies on laboratory mice have suggested that male cUSVs are influenced by
previous socio-sexual experience, and a variety of different approaches have been used to
investigate this hypothesis, from a brief exposure to mouse scent to direct long-term interac-
tions and copulation. Several early studies reported that the rate of male cUSV emission is
increased after a previous encounter with a female or female scent, and that even a brief
experience may have long-lasting effects (persisting >1d) [reviewed in 12, 34-39]. These
early findings are intriguing, and they also suggested that male cUSVs provide a reliable
index of sexual arousal. However, the results were mixed and varied depending on the strain
of mice, the sex and type of stimuli (direct social interactions vs urine odour, and fresh vs
aged urine), and only vocalizations at 70 kHz were recorded due to technical limitations.
One previous study concluded that socio-sexual experience is only necessary to elicit male
USVs when males are presented with aged female urine as a stimulus [38]. Since then, it has
been anecdotally suggested that exposing male mice to a sexually mature female for several
days or more before recording increases their motivational state to emit cUSVs [40, 41], but
this hypothesis was not tested. Another recent study exposed individual mice (strain CBA/
CaJ) to another mouse indirectly (separated with a metal mesh divider) for one hour, and
then vocalizations were immediately recorded in a novel environment and without any
stimulus (non-sociosexual context) [42]. Males (but not females) showed increased USV
emission after an experience with females (or even males) compared to isolated stimulus-
deprived controls, which had no prior social exposure. This result shows that males increased
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their number of spontaneous USVs directly following a socio-sexual experience. An addi-
tional study recorded USVs of laboratory mice (strain C57BL/6]) during direct male-female
interactions [17]. The study found increased rates of USV emission among pairs if the male
had been previously co-housed with a female for two weeks, whereas pairs with individually
housed males did not show such changes. The increased number in USVs might have been
due to socio-sexual experience (either prior copulation or long-term co-housing with a
female), female vocalizations (pairs where recorded while directly interacting), or both.
Thus, studies are still needed to determine whether a previous direct interaction with a
female is sufficient to influence the number and types of male vocalizations in a sexual con-
text, and if so, then how long such effects last.

These previous studies were conducted with laboratory strains (Mus laboratorius), and it is
unclear whether the findings generalize to wild house mice or to other strains. Laboratory
mice have been artificially selected for rapid breeding, and males quickly initiate courtship and
mating behaviour upon perceiving another mouse, even another male (see Discussion). Wild-
derived males vocalize during interactions with females or their scent [14] and both sexes
vocalize at a higher rate during opposite- compared to same-sex interactions [18]. They show
enormous inter-individual variation in USV emission [18]; however, unlike laboratory mice,
wild-derived male mice vocalize very little, if at all, when they are alone [43], and require direct
contact with another mouse or mouse scent [14]. Only one study to our knowledge has investi-
gated socio-sexual experience and USV emission in wild-derived house mice. Males were
exposed to a stimulus mouse (separated by a perforated divider) and then recorded at least 5
days later in a sexual context (presentation of female odour) [14]. The number of male cUSVs
emitted were not altered by previous exposure to a male or female conspecific; however, the
socio-sexual experience regime was limited in this study and it may not have been sufficient
for priming, as the authors acknowledged.

We conducted a study on the courtship vocalizations of wild-derived male mice (Mus
musculus musculus) and our aims were to test whether previous exposure to a female mouse
in direct but brief interactions (sexual priming) influences the number of courtship vocaliza-
tions (sonic and ultrasonic), the types of USVs, and the spectro-temporal features of USV's
compared to control males not previously exposed to a female. To address how long the
effects of sexual priming last, we compared a null model, a treatment model (controls vs all
primed males, irrespective of the time since priming) and a timepoints model including all 5
groups: before priming and day 1, day 10, day 20 and day 30 after priming. We introduced a
female into a male’s cage and allowed the mice to interact for 5 min (sexual priming). The
mice never copulated during this time. We subsequently recorded the male courtship vocali-
zations either 1, 10, 20 or 30 d after sexual priming. We predicted that sexual priming would
increase male USVs emission compared to unexposed controls, and that this effect might
decline over time. We detected USVs and processed the recordings using an improved ver-
sion of the Automatic Mouse Ultrasound Detector (A-MUD) [44]. We describe the improve-
ments of A-MUD (version 3.2), which enable users to adjust the detection threshold and to
automatically assign a quality evaluation score to each putative vocalization detected (i.e.,
A-MUD elements), and we provide the results of our evaluation of A-MUD’s performance.
Sexual experience might influence the types of different USVs and their diversity, as well as
the rate of vocalizations that males emit. Therefore, we also manually classified USVs into 15
different vocalization types (’syllables’), and investigated changes in vocal repertoire (reper-
toire diversity and composition of USVs). These questions are relevant to understanding the
proximate mechanisms and adaptive functions of male USV emission, and they are also of
practical interest, as sexual priming has become a common procedure for eliciting vocaliza-
tions from male mice [45].
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Materials and methods

Subjects and housing

Our experiment was conducted with wild-derived house mice (Mus musculus musculus),
which were F1 offspring of wild house mice caught and bred at the Konrad Lorenz Institute of
Ethology in Vienna, Austria (48°12°38”N, 16°16’54”E) [see more details in 18]. We systemati-
cally bred mice that we trapped from different locations and made crosses among them (mean
ts.d. distance between locations 85 + 71 m). The mice were housed in standard Type IIL cages
(36.5 x 20 x 14 cm, with stainless steel cover, 1 cm mesh width, Tecniplast, Germany). The F1
offspring were weaned at 21 d of age and subsequently housed with their siblings in mixed-
sex groups for another two weeks (maximum of four mice per cage). At five weeks of age, the
sexes were separated. Males were individually housed to prevent fighting and females were
housed in sister pairs when possible. All cages were provided with wood shavings (ABEDD,
Austria), one nest box (Tecniplast, Germany), nesting material (Nestlet, Ehret, Austria) and
one cardboard paper roll as environmental enrichment. Food (rodent diet 1324, Altromin,
Germany) and water were provided ad libitum. Mice were kept in standard conditions (mean
+s.d. room temperate: 22+2°C, in a 12:12 h light:dark cycle, lights off at 15:00). Red light was
used instead of a complete dark period to be able to conduct experiments when the mice are
active. We used 100 adult mice (equal sex ratio; meants.d. age: 264+22 d).

Recording apparatus

To record male vocalizations, we used a Plexiglas cage (36.5 x 21 x 15 cm), which had a perfo-
rated Plexiglas divider (0.5 cm diameter holes) in the middle to create two equal sides (“caller”
and “stimulus” compartments; for details see [18]). The caller compartment (used for the
males) had a metal cage lid (1 cm width mesh), and the stimulus compartment (for the
females) was covered with a Plexiglas lid, which prevented recording female vocalizations dur-
ing the experiment. We used USV playbacks from an ultrasound speaker (Avisoft Bioacoustics,
Germany) positioned into the stimulus compartment to confirm that the Plexiglass cover was
very effective at blocking USVs [18]. The stimulus compartment was also provided with bed-
ding and 2-3 food pellets. For recording, the Plexiglas cage was placed into a recording cham-
ber, lined with acoustic foam, as described in [30]. A condenser ultrasound microphone
(Avisoft Bioacoustics/CM16/CMPA, frequency range from 2 to 200 kHz) was mounted inside
the recording chamber, 10 cm above the caller compartment, and connected to an UltraSound-
Gate 116-200 (Avisoft Bioacoustics, Germany). Mice were recorded using the RECORDER
USGH-software and with the following settings: 300 kHz sampling rate, 16 bit format and 256
Hz FFT size.

Socio-sexual priming and recording procedures

For our priming treatment, we introduced an unfamiliar adult female (n = 40) into a male’s
home cage (n = 40) for 5 min. Wild mice never copulate during such a brief period of time—
unlike laboratory mice, it usually takes wild-derived mice days to copulate [46], rather than
minutes or hours. We subsequently recorded 10 of these males 1 day later in a sexual context,
while presenting them with a novel stimulus female (separated by a perforated partition) and
female scent (see below). To investigate whether priming effects are long-lasting, the rest of the
males were recorded either 10, 20 or 30 d after priming, using 10 males per time point. We
also recorded a control group composed of 10 unprimed males. In total we compared five
groups: unprimed males (0d), males primed 1 d prior to recordings (1d), males primed 10 d
before recordings (10d), males primed 20 d prior to recordings (20d) and males primed 30 d
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before recordings (30d). Each group contained 10 males and no male was recorded on more
than one day. To prevent the data from being confounded by time and sequence effects during
testing, we primed and recorded the males during two months by priming and respectively
recording the males in the following order: 1d, 30d, 20d, 10d (priming), and 1d, 0d 10d, 20d
and 30d (recording).

We recorded males’ vocalizations using the following procedure: first, a female stimulus
was placed into the stimulus compartment of the arena for habituation, 5-10 min before intro-
ducing the male. To standardize any potential oestrus status effects of this stimulus female, we
included an additional olfactory stimulus (5 pl of female urine on a 4 x 4 cm filter paper) to the
male compartment. This urine stimulus was previously collected in metabolic cages (Techni-
plast, 600M021) from four wild-caught adult females, equally aliquoted and mixed in Eppen-
dorf tubes and stored at -20°C until the recordings. Second, we placed the male subject into
the caller compartment and the entire cage was placed into the recording chamber. After 30s,
we began recording and we recorded males for 10 min. After each recording, the arena was
cleaned with ethanol before reusing. Each male subject was unfamiliar and unrelated to the
females that he encountered in the experiment. Females were used once for priming and once
in the stimulus compartment, but never for the same male subject. This experiment was part
of a larger study aimed to test whether USV modulation is sex-dependent [18], and 10 males
in the current study (i.e., males tested 1 day after sexual priming) were the same as the ‘male
focal subjects presented with female stimuli’ in our previous study.

Detecting vocalizations and processing sound files

To detect ultrasonic vocalizations and process the sound files, we implemented the Automatic
Mouse Ultrasound Detector (A-MUD), which detects elements (i.e., putative vocalizations
detected by A-MUD) and quantifies spectro-temporal features such as the frequency, amplitude
and time parameters of the elements [18, 44]. This tool is implemented as a script in STx
(requiring at least S_TOOLS-STx version 4.3), a software from the Acoustic Research Institute
(Austria) that is free for scientific use, and is useful for processing large quantities of data in a
timely fashion, such as for speech analysis [47, 48], noise evaluation [49, 50], and psychoacous-
tics [51]. We developed an improved version of A-MUD (version 3.2) and evaluated its perfor-
mance (see S1 Methods in S1 File). In brief, A-MUD 1.0 has a detection threshold at 10 ms
because sounds below this threshold are often background noise, and this threshold can now be
adjusted by users. For the present study, we lowered the detection threshold to 5 ms to reduce
false negative error rates in element detection, despite that this modification increases the risk
of false positives. This trade-off was acceptable for the current study because, after the automatic
detection, we manually classified all vocalizations in each 10 min file (see below), and thus we
were able to correct the output as necessary. A-MUD 3.2 also includes a quality evaluation score
for each detected A-MUD element, which provides an estimate in the confidence of a true posi-
tive, and enables users to remove segments below a certain criterion from the data (the score
varies from 0 to 9 with segments > 5 being of good quality). A well-established method to judge
the performance of a detection or classification model is the receiver operating characteristic
(ROC) curve, which plots the true positive rate (TPR) against the false positive rate (FPR). The
area under the ROC curve (AUC) is one value for the quality of the method (see S1 File for
details). We used a ROC curve to evaluate A-MUD’s performance using the default settings and
the original 14 files used to develop and evaluate A-MUD 1.0 [44], and the AUC value was
0.989 (values > 0.9 are considered to be excellent; see S1 to S4 Figs in S1 File).

After automatic detection, we manually classified each ultrasonic vocalization, assigning it
to one of the 15 different previously described types (see Fig 1). We classified and analysed all

PLOS ONE | https://doi.org/10.1371/journal.pone.0242959 December 9, 2020 5/28



PLOS ONE

Courtship vocalizations of male mice depend on previous sexual priming

- Spectrogram
)
USY Type Abbreviations wampl Definition References
;i h o1k i ha
i lic = Vecalizations below 91 kHz and shorter than 5 ms | Madified fram Scattoni et al, 2008 [54]
{short dots}
shart H i Vecalizations below 91 kHz and shocter than 10ms | Modified from Hanson and Hurley 2012 [16]
i 1 | e 1
flat \f Vecalizations Seow dL KHE snd Wit s than s Madified from Hanson and Hurley 2012 [16]
i 1 kHz frequency modulation i
izati kH sase |
dawn d Miatallutions im0 KL aht Sithead i | Madified from Hanson and Hurley 2012 [16]
frequency far more than 5 kHz

calizati kHz and inc i -
up lup e Voralizations below 51 kHz and increase in Modified from Hansan and Hurley 2012 [16]
fregquency for mere than 5 kHz

Wocalizations below 91 kHz first decrease and then
u-shaped u 'a

y Increase in frequency for more than 5 kHz sach | Mok from Hanscin snd Hurley 2612 [15)

Vecalizations below 91 kHz first increase and then

u-shaped inverted | ui decrease in frequency for more than 5 kHz each

Modified from Hanson and Hurley 2012 [16]

Vocalizations below 91 kHz and that contain twe or |

complex e Fatal rrare directional changes in frequency and more | Madified from Hansan and Hurley 2012 [16]
than 5 kHz lati
Wecalizations below 91 kHz, which consists of twe P .

camplex 2 lez separated by one frequency jump but | Defined as *1-Frequency-Step” in Musalf et al.

4 5
| without time separation _ s )

Vosalizations below 91 kHz, which consistsof three | o
complex 3 12 f compenents separated by twa frequency jumps but | q R <

5
e without time separation | 201 [30]
Vecalizations below 91 kHz, which consists of faur
complex 4 |od - components separated by three frequency jumps | Added category for our dassification

but without time separation

Vocalizations below 91 kHz, which consists of five

complex 5 =1 components separated by four or more frequency | Added category for our dassification
jurnps but without time separation

Vecalizations below 91 kHz, which have a harmanic

harmonic |k

| Modified from Hanson and Hurley 2012 [16]
component
i i | Defined as “high-Frequency calls® in Hoffrman et
] | ut a i W vecal kk
ultra higl uh any shape All vecalizations above 91 kHz | at.2012 [=5]
[ I I Vocalizations that cannot be classified according to |

oy Ay ier b the 14 caleguics due i bk groun) Defined as “wnstructured vocalizations” in
unclassified or luc naise of not defined and measurable | Scattoni et al. 2011 [S6] and as "nois
undassifiable | spectrographic features (shapa). These | E ¥

| lizations" i sl 1.
vocalizations were all confirmed by auditory Yecalizatany” In Grimsley et al. 2016 [52)

Fig 1. Classification of USVs: USV types, their abbreviations, a spectrogram’s example and definitions following
the classification of [28, 54-56].

https://doi.org/10.1371/journal.pone.0242959.g001

vocalizations in all 10 min files. This work is very time-consuming, but it allowed us to test for
priming effects in the ultrasonic vocal repertoire (ultrasonic repertoire diversity and composi-
tion, see below), as well as to correct errors of the automatic detection (eliminate false posi-
tives, or manually label false negatives and adjust the vocalization length) and then recalculate
the USV spectro-temporal parameters in A-MUD. Manual classification also allowed us to
additionaly identify and count sonic vocalizations (all vocalizations < 20 kHz). We classified
sonic vocalizations into two main categories: low-frequency vocalizations (LFV), which are
similar to USVs but are at frequencies < 20 kHz (adapted from [52]) and low-frequency
harmonic vocalizations or squeaks, which are qualitatively distinct and are vocalizations
showing > 1 harmonic component, starting at the sonic range and often reaching the ultra-
sonic range [32, 52]. The rationale was to test whether the number of ultrasonic vocalizations,
which are arbitrarily defined based on human auditory perception, correlate with the number
of sonic vocalizations, as previously most studies have focused only on USVs. Mice can dis-
criminate simple versus complex USVs [53], but it is still unknown whether they can discrimi-
nate among the various other types of USVs.

Statistical analyses

Statistical analyses were conducted using IBM SPSS Statistics 25, R 3.5.0 and R 3.6.2 and we
provide means and s.e.m., unless stated otherwise. We used following working definitions and
analyses:
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Vocalization rate. The total number of vocalizations (sonic or/and ultrasonic) counted
in each 10 min file. All sonic vocalizations were manually labelled in each 10 min file. All
analysed vocalizations were confirmed by visual and/or acoustic inspection during manual
classification.

Spectro-temporal features of USVs. Vocal spectro-temporal features were automatically
calculated by A-MUD. All unclassified vocalizations were excluded from these analyses due to
their noisy spectrographic features, even though they could be confirmed as USVs by auditory
inspections. One mouse in the 10d group did not emit any vocalization and one mouse in the
30d group only emitted one unclassified vocalization. Thus, no vocal spectro-temporal param-
eters were calculated for these two mice. We analysed length (ms), mean frequency (kHz),
mean amplitude (dB) and slope (kHz/ms) of each USV during each 10 min trial. The slope was
automatically calculated by linear regression using all points in the detected frequency track
(kHz/ms). The slope of the resulting regression line is a simplified approximation of the fre-
quency evolution over time and needs to be interpreted with caution (see S1 File).

The statistical analyses of vocalization rates and spectro-temporal features of USV's were
computed using R 3.6.2 [57]. Vocalization rate of all vocalizations and USV's showed a negative
binomial distribution and were analysed using function glm.nb from package MASS [58].
There were no signs of overdispersion (dispersion parameter 0.95 and 0.72, respectively). The
distribution of all model residuals was visually inspected using package fitdistrplus [59]. Resid-
uals from models for the response variable “latency to vocalize” were approximately normally
distributed, and therefore, latency was analysed using function Im.

Data on spectro-temporal features of USVs included repeated measurements, and were
analysed using generalized linear mixed effects (GLMM) models (package Ime4) [60]. We
always used animal identity to compute random intercepts. Applied distribution families were
inverse gaussian (USV length, slope and frequency), and gaussian (amplitude). For all response
variables, we computed three models: First, a null model with an intercept only (describing the
data by their mean). Second, a “treatment” model, comparing controls with all primed ani-
mals, irrespective of the time since priming. Third, a “timepoints” model with 5 groups, i.e.,
before priming and day 1, day 10, day 20 and day 30 after priming. We compared these models
using AICc, Akaike’s Information Criterion corrected for small sample sizes, computed using
package MuMIn [61]. To directly assess the support for each candidate model, we also com-
puted relative model likelihoods from the differences in AICc to the best model (AAICc) as rel-
ative likelihood = exp(-0.5 * AAICc) [62]. We subsequently provide p-values for the effects
from the best model, following Zuur et al (2009) [63]. We always used so-called “treatment
contrasts” by placing the control group on the intercept, and then comparing all other groups
to these unprimed males. We did not compute post-hoc comparisons. The letters in the figures
refer to the GLM/GLMM regression coefficients, i.e., the significance comparing differences
between day 0 versus any later day (in the case of “timepoints” models), and to differences
between “unprimed” and “primed” (in the case of “treatment” models). In one case (variable
mean frequency), the variability in the data noticeably decreased after priming. To analyse
these changes in variability among USV frequencies, we computed the absolute deviation of
frequency measurements from their median as the response variable, analogous the Levene’s
test, and computed a GLMM, again with random intercepts per animal.

Vocal repertoire of USVs. Vocal repertoire was assessed using two measures. First, reper-
toire diversity, which is total number of vocalization types per sound-file (Fig 1). This number
is a rough estimate of diversity and ranges from 0 (no vocalization) to 15 (maximal amount of
diversity). Variables “repertoire diversity” and “repertoire diversity without unclassified vocali-
zations” were Poisson distributed and analysed with glm. There were no signs of overdisperi-
son (dispersion parameters 0.872 and 0.878, respectively). Second, to investigate the number
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of vocalizations per each type, i.e., vocalization type occurrence, we calculated repertoire com-
position. We analysed repertoire composition using a multivariate approach by running a
non-parametric analysis of similarities (ANOSIM) in R (V 3.5.0) [64] (package “vegan”, func-
tions “vegdist” and “anosim”) [65]. The ANOSIM statistic compares the mean of ranked dis-
similarities between groups to the mean of ranked dissimilarities within groups. The generated
R value lies between -1 and +1, with a value of 0 representing the Null hypothesis (indistin-
guishable groups), an R close to 1 indicates that dissimilarity between groups are greater than
within groups, while an R values < 0 indicate that dissimilarities within groups are greater
than between groups. The test was run with 999 permutations and using the Bray-Curtis dis-
similarity matrix. We also ran a permutational multivariate analysis of variance (PERMA-
NOVA) with 999 permutations in R (package “vegan”, function “adonis2”) [65]. The
calculated pseudo F-ratio compares the total sum of squared dissimilarities among vocaliza-
tions of different groups to vocalizations within the same group. Larger F-ratios indicate
pronounced group separation. The one mouse in the 10d group, which did not emit any vocal-
izations was excluded from these analyses. To visualize the results, we used a non-metric mul-
tidimensional scaling (nMDS) approach based on the Bray-Curtis dissimilarity index (package
“vegan”, function “metaMDS”). A stress coefficient of <0.05 indicates an excellent visualiza-
tion of data, whereas a stress coefficient of >0.3 indicates an almost arbitrary position of data
on the graph [66]. Our stress values were calculated as the mean of the 21 iterations we ran.
The similarity between groups is measured by the distance between the points: the closer the
distance, the greater the similarity in the composition of the vocal repertoire between groups.
We also investigated vocalization type contribution to group dissimilarities using the “simper”
function in R, which performs pairwise comparisons of groups to find the average contribu-
tion of each vocalization type to the average overall Bray-Curtis dissimilarity, displaying the
most important vocalization types for each pair of groups. These vocalization types contrib-
uted at least to 70% of the differences between the groups. We also visualized the vocal reper-
toire in pie charts by calculating the proportions of each vocalization type for each mouse and
then averaging these proportions for each experimental group.

Ethical statement

After the recordings, all the mice were returned to their home cages and kept in our colony.
This study was carried out in strict accordance with the recommendations in the Guide for the
Care and Use of Laboratory Animals of the National Institutes of Health and complies with
the current laws of Austria. All the experiments were conducted at the Konrad Lorenz Institute
of Ethology, Austria and the protocols have been approved and were in accordance with ethi-
cal standards and guidelines in the care and use of experimental animals of the Ethical and
Animal Welfare Commission of the University of Veterinary Medicine, Vienna (Austria)
(ETK-17/04/2015) in accordance with Good Scientific Practice guidelines and national legisla-
tion. We did not sacrifice any of the mice used for this study.

Results
Vocalization rate (ultrasonic and sonic)

USVs. The number of USVs emitted per individual was highly variable, ranging from 0 to
627 USVs with an overall meants.d. of 1174164 vocalizations per male during the 10 min
recordings (median = 36 vocalizations/10 min). The USV count was right skewed: approxi-
mately half of the males emitted < 50 USVs (n = 26) and the other half emitted between 51-
627 USVs (n = 24) (Fig 2). The mean number of USVs increased from 50+25 among unprimed
control males to 142+29 among primed males (negative binomial GLM; p = 0.013, Fig 3,
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Number of individuals

Number of elements

Fig 2. Histogram depicting variation in ultrasonic vocalization rate (number of USVs per 10 min) among
individuals. Approximately half of the males emitted less than 50 USV's during the 10 min trials, though some mice
were very vocal (n = 50).

https://doi.org/10.1371/journal.pone.0242959.9002

Table 1). The model comparing treatments had a lower AICc (554.25) than both the null
model (AICc = 556.76) and the timepoints model (AICc = 560.49).

On average, it took the mice 120£136 s before emitting the first USV (“latency to vocalize”),
with a minimum = 0.03 s to a maximum = 600 s (no vocalizations, n = 1) and group meansts.
d. of 69.6+£94 s for 0d, 64.3+117 s for 1d, 191.9+151 for 10d, 128.6+111 s for 20d and 147.3
+173 s for 30d. Latency to vocalize was unaffected by priming, and the null model had the low-
est AICc (Table 2). The “treatment” model was nearly undistinguishable from the null model
(relative likelihood 0.63).

Sonic vocalizations. We counted number of low-frequency vocalizations (LFVs) and
low-frequency harmonic vocalizations (squeaks) to investigate whether USVs correlate with
sonic vocalizations and are a good representation of a male overall vocalizations (i.e., sonic
and ultrasonic) as explained above. We found that LFV's showed high individual variability
(overall meants.d.: 9.9+8 and range: 0-46; means per group: 0d = 7.315, 1d = 16+13,10d = 7.6
+6,20d = 9.546 and 30d = 9.2+8). The number of LFVs and ultrasonic vocalizations positively
correlated with each other (Spearman correlation: p = 0.49, n = 50, p<0.0001). Squeaks were
also highly variable (overall meants.d.: 11.9421.2 and range: 0-132; means per group:
0d = 17.6+40, 1d = 17.7+18, 10d = 2.9+3, 20d = 12.4+10 and 30d = 8.9+15) and positively cor-
related with USVs as well (Spearman correlation: p = 0.469, n = 50, p = 0.001). Taken together,
USVs positively correlated with sonic vocalizations (Spearman correlation: p = 0.502, n = 50,

p = 0.0001) and thus we also investigated priming effects on overall vocalization rates, as there
were too few sonic vocalizations to be analysed separately and draw meaningful conclusions.

Sonic and ultrasonic vocalizations. We investigated priming effects on the overall vocali-
zation rates, i.e., merging ultrasonic and sonic vocalizations. The mean number of all vocaliza-
tions increased from 75.1+28.4 to 163.7+29.8 (controls vs primed males; negative binomial
GLM; p = 0.036, Fig 4). This treatment model (AICc = 576.57) was slightly better than the null
model (intercept only; AICc = 577.95, relative likelihood 0.5), but much better than a model
differentiating between timepoints (AICc = 582.14, Table 3).

Spectro-temporal features of USVs

We calculated the spectro-temporal features of all detected USV's omitting uc vocalizations
due to their noisy and unstructured features, n = 5151 USVs. Frequency, slope and amplitude
parameters could not be calculated for 198 USVs due to being too short or faint.
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Fig 3. Number of USVs emitted with or without sexual priming. Boxplots of the number of USVs emitted by unprimed (control) and
primed males. Boxes around the median (horizontal line) show the interquartile range (quartile 1 to 3) and whiskers extend to 1.5 times
this range, or to the most extreme point, whichever is closer to the median. Extreme points are shown as circles. Different letters denote
significant differences (p<0.05).

https://doi.org/10.1371/journal.pone.0242959.9003

The mean length of USVs more than doubled at day 1 after priming (14.93+0.71 ms vs. 32.5
+0.60 ms; p = 0.006, Figs 5 and 6). GLMM analysis indicated that USV length was significantly
longer after priming at day 1 (p = 0.006), but not on later trial dates. The model differentiating
between timepoints (AICc = 43344.88) was better than both the null model (AICc = 43347.68)
and the treatment model (AICc = 43348.74, Table 4). USVSs’ slope increased from -0.16+0.11
in unprimed to +0.16+0.01 in primed animals (GLMM; p = 0.022, Fig 7). This model compar-
ing treatments had the lowest AICc (-27972.49). The model differentiating between all time-
points (AICc = -27969.47) and the null model (AICc = -27969.86) were inferior (Table 4). The
mean frequency (kHz) of male vocalizations was unaffected by priming (GLMM; p>0.3); how-
ever, there was lower variability in the vocalizations of primed compared to unprimed males
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Table 1. Tables 1 to 5 are regression tables of effects of priming on various aspects of vocalization in male mice.

Number of USVs (GLM negative binomial)

Coefficients:
Estimate Std. Error z value P value Relative Likelihood
model timepoints AICc = 560.49 0.04
(Intercept) 3.92 0.37 10.6 <2e-16 ***
groupal 1.22 0.52 2.3 0.02 *
groupal0 0.63 0.54 1.2 0.24
groupa20 1.10 0.52 2.1 0.03 *
groupa30 1.07 0.54 2.0 0.05*
model treatment AICc = 554.25 1.0
(Intercept) 3.92 0.37 10.5 <2e-16 ***
treatPrimed 1.04 0.42 2.5 0.01*
Null model AICc = 556.76 0.28

In all models, intercepts represent the mean of the control group. Coefficient estimates are the differences of group means to the intercept (at 1, 10, 20, and 30 days after
priming for timepoint models, and for pooled data after priming for treatment models). Tables also show standard errors, t-values, z-values and P-values for the
deviation of these differences from zero. Null models are intercept only models. AICc values give Akaike’s Information Criterion corrected for small sample size. The
best AICc values are printed in bold face and relative likelihoods are the plausibilities of candidate models compared with the best model. The model type is given in
parentheses. For mixed models (adjusting for repeated measurements) the random effects, e.g., standard deviations of intercepts of individuals, are also provided. Signif.
codes: 0 “**70.001 **0.01 **0.05 .’ 0.1 *“ 1.

https://doi.org/10.1371/journal.pone.0242959.t001

(Table 4). This decrease in the variability of frequency of primed males was a tendency at day 1
(p = 0.051), and significant on days 20 (p = 0.029) and 30 (p = 0.026, Fig 8). Neither the magni-
tude nor the variability of USV amplitude were affected by priming (Table 4).

Vocal repertoire of USVs (repertoire diversity and composition)

We found that number of USVs were positively correlated with repertoire diversity (Spearman
correlation: p = 0.91, n = 50, p<0.0001). GLM analysis showed that the timepoint model for
repertoire diversity had the lowest AICc (AICc = 289.68), but the treatment model was nearly

Table 2. Regression table of effects of priming on latency to call in male mice.

Latency to call (GLM gaussian)

Coefficients:
Estimate Std. Error t value P value Relative Likelihood

model timepoints AICc = 580.29 0.15
(Intercept) 69.6 29.5 2.4 0.02*
groupal -5.3 41.7 -0.1 0.90
groupalO 76.9 42.8 1.8 0.08
groupa20 59.0 41.7 1.4 0.16
groupa30 27.4 42.8 0.6 0.53

model treatment AICc = 577.42 0.63
(Intercept) 70 30 2.3 0.02 *
treatPrimed 39 34 1.2 0.25

Null model AICc = 576.51 1.0

https://doi.org/10.1371/journal.pone.0242959.t002
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Fig 4. Number of all vocalizations (sonic and ultrasonic) emitted with or without sexual priming. Boxplots with medians of the
number of the overall vocalizations emitted by unprimed (control) and primed males. Different letters denote significant differences
(p<0.05).

https://doi.org/10.1371/journal.pone.0242959.9004

undistinguishable (AICc = 290.26, relative likelihood 0.74); the null model was clearly worse
(AICc =294.01, Table 5).

Compared with controls, repertoire diversity was significantly increased at days 1
(p<0.002) and 20 (p<0.044) after priming (Fig 9).

We examined priming effects in repertoire composition to assess vocalization type occur-
rence per group, using two statistical non-parametric multivariate approaches. Both analyses
showed that groups differed and that the unprimed males had the most distinctive vocal reper-
toire (ANOSIM: R = 0.108, p = 0.01) and (PERMANOVA: F(4,44) = 1.98, p = 0.015). We
visualized the data using non-metric multi-dimensional clustering (nMDS), and plotted the
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Table 3. Regression table of effects of priming on number of all vocalizations in male mice.

Number of all vocalizations (GLM negative binomial)

Coefficients:
Estimate Std. Error z value P value Relative Likelihood
model timepoints AICc = 582.14 0.06
(Intercept) 4.32 0.33 13.3 <2e-16 ***
groupal 1.00 0.46 2.2 0.03*
groupal0 0.34 0.47 0.7 0.47
groupa20 0.84 0.46 1.8 0.07
groupa30 0.80 0.47 1.7 0.09
model treatment AICc = 576.57 1.0
(Intercept) 4.32 0.33 13.0 <2e-16 ***
treatPrimed 0.78 0.37 2.1 0.04 *
Null model AICc = 577.95 0.50

https://doi.org/10.1371/journal.pone.0242959.t003

occurrence of each vocalization type per experimental group (Fig 10). This graph shows the
clustering of the vocalization types emitted by individuals (coloured symbols) to visualize

the differences within versus between groups (individuals are connected to a centroid that
minimizes the distances between individuals within each group). The different vocalization
types (represented by letters) are positioned according to their highest clustering. The main
difference appears to be due to unprimed males emitting more unclassified (uc) and fewer
complex vocalizations than the other mice, whereas the 1d primed males have more ultra-high
(uh), complex and less short (s) and ultra-short (us) vocalizations than the other mice (Fig 10).
Further visualization of the proportions of vocalization types emitted by mice in the different
groups are shown in pie charts (Fig 11), which indicate that the main differences were between
the primed and unprimed males.

We also conducted the same analyses omitting all unclassified USVs, because, although
confirmed by auditory inspection as vocalizations, they appeared unstructured and noisy
compared to the other USVs. We found that the results on repertoire diversity are largely
unchanged when omitting unclassified (uc) USVs. The nMDS graph displaying repertoire
composition shows a separation of the 0d and 1d group, which is now mainly driven by short
USVs (instead of the omitted uc) (see S1 Results in S1 File and S5-S7 Figs in S1 File).

Discussion

Our main aim was to experimentally test whether male house mice show increased rates of
vocalizing following a direct interaction with an adult female (sexual priming), and our most
important results include the following: First, we found that sexually primed males emitted sig-
nificantly more USVs than unprimed controls, consistent with previous studies measuring 70
kHz vocalizations of laboratory mice [e.g. 39]. We also found that the rates of ultrasonic and
sonic vocalizations were positively correlated with each other. Thus, USVs in our study pro-
vided a good estimate of the rates of sonic calls and the overall vocalization rates, and these
relationships have not been previously compared to our knowledge. The effect of priming on
overall vocalization rates were likely dominated by USVs, however, because sonic vocalizations
were less common.

Second, we developed an improved version of automated USV detection (A-MUD, version
3.2) and we used the data from this study to evaluate its performance. We found that lowering
the detection threshold reduced false negative error rates, but it also increased the risk of false
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Fig 5. USV length with or without priming. Boxplots with medians of USV lengths emitted by unprimed (0) and primed males (>1).
Different letters denote significant differences (p<0.05).

https://doi.org/10.1371/journal.pone.0242959.9005

positives. This detection trade-off was acceptable because we also manually classified the vocal-
izations in this study, and thus we were able to correct the output as necessary. This new ver-
sion of A-MUD (3.2) includes a quality evaluation score for each detected element (an estimate
in the confidence of a true positive) and it also enables users to remove segments below a cer-
tain criterion. We evaluated A-MUD’s performance using receiver operating characteristic
(ROC) curve and found that the AUC value was excellent. This tool is free for scientific (non-
profit) use and available here: https://www.kfs.oeaw.ac.at/doc/amud/AMUD1b.sts (Script);
Readme: https://www.kfs.oeaw.ac.at/doc/amud/AMUD1b-Readme.odt.

Third, we quantified different types of vocalizations (‘syllables’), and found that the reper-
toire diversity of male vocalizations significantly increased one day after priming, and
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Fig 6. Spectrogram examples of an unprimed (0d) and a sexually primed (1d) male. The two spectrograms show a 10 s continuous sequence of the
males that emitted most USVs in both groups, (A) the unprimed group and (B) in the group recorded 1d after priming. All lines of the spectrograms
are continuous and each line shows 2 s (50 ms interval) of the 10 s sequence. Y-axes represent frequencies between 0-150 kHz with intervals of 25
kHz. Letters indicate examples of vocalization types, following the definitions and abbreviations in Fig 1. LFV = low-frequency vocalization.

https://doi.org/10.1371/journal.pone.0242959.9006

multivariate analyses indicated that the unprimed males had the most distinctive repertoire
composition. Unprimed males emitted mostly unclassified calls and fewer complex types of
vocalizations, whereas males tested one day after priming emitted more ultra-high and com-
plex vocalizations and fewer short and ultra-short vocalizations. Vocal spectro-temporal
features of USVs also differed after priming, and priming affected USV length, slope and fre-
quency variability.

Fourth, primed males did not differ in the mean frequency (kHz) of their vocalizations
from unprimed controls, but interestingly their calling frequencies showed significantly lower
variability (Fig 8). As primed males showed more ‘agreement’ in their calling frequency than
unprimed males, they might be ‘targeting’ female auditory perception or preferences. Future
studies are needed to compare how male vocalization frequency matches female auditory sen-
sitivity thresholds, and whether the frequency of male cUSVs influence female preferences for
recorded playbacks.

Finally, the main differences in USVs were between the primed males versus the unprimed
controls (treatment models), regardless of the time since priming. Since we observed changes
in males’ USVs after day 1, our results provide novel evidence for long-lasting effects from sex-
ual priming. Timepoint models indicated that USV length increased 1 day after priming, that
males” USV repertoire diversity increased 1 and 20 days after priming, and that the variability
in the frequencies of vocalizations was lower 20 and 30 days after priming.

PLOS ONE | https://doi.org/10.1371/journal.pone.0242959 December 9, 2020 15/28



PLOS ONE

Courtship vocalizations of male mice depend on previous sexual priming

Table 4. Regression table of effects of priming on the spectro-temporal features of USVs in male mice.

Spectro-temporal features of USVs: Length (GLMM) Relative Likelihood
model timepoints AICc = 43344.88 1.0
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 3.4e-06 0.0019
Residual 1.6e-02 0.1269
Number of obs: 5151, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value P value
(Intercept) 0.0121 0.0019 6.5 9e-11 ***
groupal -0.0080 0.0029 -2.7 0.006 **
groupal0O 0.0016 0.0025 0.6 0.541
groupa20 -0.0025 0.0026 -1.0 0.336
groupa30 -0.0015 0.0030 -0.5 0.607
model treatment AICc = 43348.74 0.15
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 4.8e-06 0.0022
Residual 1.6e-02 0.1272
Number of obs: 5151, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value P value
(Intercept) 0.0129 0.0021 6.1 le-09 ***
treatPrimed -0.0023 0.0023 -1.0 0.3
Null model AICc = 43347.68 0.25
Spectro-temporal features of USVs: slope (GLMM) Relative Likelihood
model timepoints AICc = -27969.47 0.21
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 0.0020 0.045
Residual 0.0039 0.062
Number of obs: 4948, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value P value
(Intercept) 16.20 0.14 119.0 <2e-16***
groupal -0.29 0.16 -1.9 0.064
groupal0O -0.30 0.17 -1.7 0.081
groupa20 -0.42 0.16 -2.6 0.008 **
groupa30 -0.47 0.16 -2.9 0.004 **
model treatment AICc = -27972.49 1.0
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 0.0030 0.055
Residual 0.0039 0.062
Number of obs: 4948, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value P value
(Intercept) 16.20 0.15 110.1 <2e-16 ***
(Continued)
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Table 4. (Continued)

treatPrimed -0.36 ‘ 0.16 -2.3 0.02 *
Null model AICc = -27969.86 0.23
Spectro-temporal features of USVs: frequency (GLMM) Relative Likelihood
model timepoints AICc = -8862.94 <0.01
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 0.308 0.55
Residual 0.044 0.21
Number of obs: 4948, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value P value
(Intercept) 4.06 0.40 10.2 <2e-16 ***
groupal -0.85 0.68 -1.3 0.2
groupalO -0.49 0.59 -0.8 0.4
groupa20 -0.44 0.60 -0.7 0.5
groupa30 -0.38 0.64 -0.6 0.6
model treatment AICc = -8868.47 <0.01
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 0.308 0.56
Residual 0.044 0.21
Number of obs: 4948, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value P value
(Intercept) 4.06 0.40 10.2 <2e-16 ***
treatPrimed -0.52 0.46 -1.1 0.3
Null model AICc = -8889.24 1.0
Spectro-temporal features of USVs: variability of frequencies (GLMM) Relative Likelihood
model timepoints AICc = 30480.26 0.23
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 0.00083 0.029
Residual 0.60243 0.776
Number of obs: 4948, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value P value
(Intercept) 0.059 0.012 4.8 2e-06 ***
groupal 0.033 0.017 1.9 0.05
groupalO 0.011 0.017 0.6 0.52
groupa20 0.037 0.017 2.2 0.03 *
groupa30 0.039 0.017 2.2 0.03 *
model treatment AICc = 30477.29 1.0
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 0.00089 0.03
Residual 0.60263 0.78
Number of obs: 4948, groups: Replicate, 48
Fixed effects:
(Continued)
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Table 4. (Continued)

Estimate Std. Error t value P value
(Intercept) 0.060 0.013 4.7 3e-06 ***
treatPrimed 0.030 0.014 2.1 0.03*
Null model AICc = 30479.30 0.36
Spectro-temporal features of USVs: amplitude (GLMM) Relative Likelihood
model timepoints AICc = 26662.96 1.0
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 2.3 1.5
Residual 12.6 3.5
Number of obs: 4948, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value
(Intercept) 15.316 0.664 23.0
groupal 0.878 0.838 1.0
groupalO -0.242 0.898 -0.3
groupa20 0.048 0.876 0.1
groupa30 -0.478 0.873 -0.5
model treatment AICc = 26664.09 0.56
Random effects:
Groups Name Variance Std.Dev.
Replicate (Intercept) 2.3 1.5
Residual 12.6 3.5
Number of obs: 4948, groups: Replicate, 48
Fixed effects:
Estimate Std. Error t value
(Intercept) 15.32 0.67 22.9
treatPrimed 0.10 0.73 0.1
Null model AICc = 26663.3 0.84

https://doi.org/10.1371/journal.pone.0242959.t1004

Our results could potentially be due to individual housing reducing the rates of USV emis-
sion of controls, and sexual priming restoring normal USV responses (though this alternative
interpretation is not mutually exclusive to the hypothesis that sexual experience increases USV
emission). Individual housing has been reported to influence the behaviour and physiology of
laboratory mice in some, but not all studies [e.g. 67-69]. A recent study on laboratory mice
reported that individually housed males increased the emission of USVs during male-male
interactions compared to socially housed males [70]. Male mice were kept in either individual
or social housing (4 mice per group) for five weeks, and USVs were recorded during direct
interactions with other males (kept previously in individual or social housing). Interestingly,
male USV emission was correlated with the male mounting behaviour of individually housed
males, and the authors concluded that their findings were due to ‘inappropriate’ courtship and
mating behaviour by individually housed male males towards same-sex conspecifics. If male
mounting behaviour in this previous study was a consequence of sexual arousal, then our
results are consistent. We have never observed male-male mounting in wild-caught or wild-
derived mice, even under similar circumstances or in semi-natural conditions (wild male mice
are more aggressive than most laboratory strains). Nevertheless, the effects of previous inter-
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Fig 7. USV slope with or without priming. Boxplots with medians of USV slopes emitted by unprimed (control) and primed males.
Different letters denote significant differences (p<0.05).

https://doi.org/10.1371/journal.pone.0242959.9007

and intra-sexual social experience on USV emission needs to be examined under more natural
social conditions [32]. Also, we only examined the effects of previous experience of female
interactions on male USVs, and future studies are needed to investigate same- versus opposite-
sex priming on both sexes to determine whether such effects are sexual, social, or both (socio-
sexual).

It is unclear how sexual experience induces changes in male vocalizations, but some poten-
tial neuro-endocrine mechanisms have been identified [see 39, 45, 71-73]. Sexual stimuli trig-
ger a surge of androgens, which regulate male USV emission and other sexual behaviours [74-
79]. Sexual experience induces long-term changes and selective elevations of androgen recep-
tors in the medial preoptic area (mPOA) [80, 81], a key site for the integration of sensory
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Fig 8. Variability in USV frequency between primed and unprimed males. Boxplots of absolute deviations of the USV frequency from
the overall median. Different letters denote significant differences (p<0.05).

https://doi.org/10.1371/journal.pone.0242959.9008

inputs and control of motor behaviour, including courtship USVs [82]. Sexual priming may
also influence the specialized neurons in the midbrain periaqueductal gray (PAG) that control
USV emission [83]. Future studies are needed to better understand the neuro-endocrine
mechanisms that control USV emission and how they are affected by sexual priming.

The functions of such experiential effects on male USV emission are also unclear. Effects
from sexual priming are thought to motivate and prepare males for courtship and mating, as
they also trigger increased scent-marking [84], sperm density [85], and copulatory behaviour
[86]. Thus, our findings are consistent with the hypothesis that courtship USVs provide a reli-
able indicator of a male’s sexual arousal [20, 34, 87] [reviewed in 45, 73]. They are also consis-
tent with a study showing that sexual priming "emboldens" male mice and increases their
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Table 5. Regression table of effects of priming on the vocal repertoire in male mice.

Vocal repertoire (GLM Poisson) Relative Likelihood
Coefficients:
Estimate Std. Error z value P value
model timepoints AICc = 289.68 1.0
(Intercept) 1.758 0.131 134 <2e-16 ***
groupal 0.525 0.166 32 0.002 **
groupalO 0.083 0.182 0.5 0.650
groupa20 0.346 0.172 2.0 0.044 *
groupa30 0.334 0.172 1.9 0.052
model treatment AICc = 290.26 0.74
(Intercept) 1.76 0.13 134 <2e-16 ***
treatPrimed 0.33 0.14 2.3 0.02*
Null model AICc = 294.01 0.11

https://doi.org/10.1371/journal.pone.0242959.t005
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Fig 9. Repertoire diversity of USV with or without priming. Boxplots with medians of repertoire diversity of unprimed (0) and primed
males (>1). Different letters denote significant differences (p<0.05).

https://doi.org/10.1371/journal.pone.0242959.9009
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boldness or risk-taking [88]. Male mice have been shown to alter the amount and types of
USVs they emit after they detect a female or her scent and over the course of courtship and
mating [15, 43]. Thus, the changes in male USVs induced by sexual stimuli may help to attract
females and enhance their receptivity. One study found that females are attracted to playbacks
of male vocalizations with more complex syllable types [33], and studies are now needed to
investigate how females respond to other priming-induced changes in males USVs. The
dynamic changes in male courtship USV emission after a sexual encounter might provide
more reliable information about a male’s identity (compatibility) or condition (quality).

In summary, our study is the first to experimentally test whether direct socio-sexual prim-
ing affects the USV emission of wild-derived house mice (Mus musculus musculus), and the
first to demonstrate that priming affects the repertoire diversity and composition, as well as
the rate of vocalizations. We found that calls of primed males also showed altered USV spec-
tro-temporal features, i.e., USV length, slope and variability in USV frequency. We found
high individual variation in several vocalization parameters, as with previous studies of wild-
derived mice (unlike many studies, we did not apply a screening procedure, such as omitting
recordings of males that did not vocalize, or use threshold criteria for our analyses, as not to
bias results). Given such variation, longitudinal measures are needed to further investigate
priming effects on USV emission. Until then, our results suggest that USV studies should
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occurrence of vocalization types emitted by each group, and the legend shows the 15 vocalization types (see also Fig 1).

https://doi.org/10.1371/journal.pone.0242959.9011

control differences in sexual priming (types of priming experience and duration after priming)
as potential sources of variation.
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Abstract

Background: Courtship vocalizations are used by males of many species to attract and influence the behavior of
potential mating partners. Our aim here was to investigate the modulation and reproductive consequences of
courtship ultrasonic vocalizations (USVs) in wild-derived house mice (Mus musculus musculus). The courtship USVs of
male mice are surprisingly complex and are composed of a variety of different syllable types. Our specific aims were
to test whether (1) the emission of courtship USVs depends upon the kinship of a potential mating partner, and (2)
whether USV emission during courtship affects the pairs’ subsequent reproductive success.

Results: We experimentally presented males with an unfamiliar female that was either genetically related or unrelated,
and we recorded USV emission, first while the sexes were separated by a perforated partition and then during direct
interactions, after removing the partition. USVs were detected by the Automatic Mouse Ultrasound Detector (A-MUD) and
manually classified into 15 syllable types. The mice were kept together to test whether and how courtship vocalizations
predict their subsequent reproductive success. We found that the mice significantly increased their amount of
vocalizations (vocal performance) and number of syllable types (vocal repertoire) after the partition was removed
and they began interacting directly. We show that unrelated pairs emitted longer and more complex USVs compared
to related pairs during direct interactions. Unrelated pairs also had a greater reproductive success compared to related
pairs, and in addition we found a negative correlation between the mean length and amount of vocalizations with the
latency to their first litter.

Conclusion: Our study provides evidence that house mice modulate the emission of courtship USVs depending upon
the kinship of potential mating partners, and that courtship USVs correlate with reproductive success.

Keywords: Mus musculus musculus, House mice, Wild derived, USV, Ultrasonic vocalizations, Reproductive success,
Genetic relatedness, Adaptive functions

* Correspondence: Doris.Nicolakis@vetmeduni.ac.at;
Sarah.Zala@vetmeduni.ac.at

fSarah M. Zala and Dustin J. Penn contributed equally to this work.

Konrad Lorenz Institute of Ethology, Department of Interdisciplinary Life
Sciences, University of Veterinary Medicine, Vienna, Savoyenstrale 1a, 1160
Vienna, Austria

© The Author(s). 2020 Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if

changes were made. The images or other third party material in this article are included in the article's Creative Commons
licence, unless indicated otherwise in a credit line to the material. If material is not included in the article's Creative Commons
licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.
The Creative Commons Public Domain Dedication waiver (http://creativecommons.org/publicdomain/zero/1.0/) applies to the
data made available in this article, unless otherwise stated in a credit line to the data.


http://crossmark.crossref.org/dialog/?doi=10.1186/s12983-020-00353-1&domain=pdf
https://orcid.org/0000-0002-0478-4995
https://orcid.org/0000-0003-3429-7415
https://orcid.org/0000-0002-0698-5299
https://orcid.org/0000-0002-5406-8065
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
mailto:Doris.Nicolakis@vetmeduni.ac.at
mailto:Sarah.Zala@vetmeduni.ac.at

Nicolakis et al. Frontiers in Zoology (2020) 17:10

Background

Courtship vocalizations are produced in many species,
usually by males, as a mechanism to attract and influence
the behavior of potential mates [1, 2]. In some birds, expos-
ure to male courtship song can induce ovarian develop-
ment in females [3] and copulation solicitation behaviors
[4]. Courtship vocalizations can reveal a surprising amount
of information about a male to potential mates, including
their fertility, genetic quality and species or individual iden-
tity [reviewed in 1]. Many studies on sexual selection in
mammals, however, have focused on vocalizations emitted
during competitive male-male interactions, and though
there is increasing evidence for female-choice [5], these
studies have mainly investigated chemical signals (olfactory
communication). Surprisingly little is known about whether
and how mammalian vocalizations evolve through female
choice. Here, we investigated the functions of the courtship
ultrasonic vocalizations (USVs) of wild-derived male house
mice (Mus musculus musculus).

The USVs of male house mice are complex and have
features similar to birdsong [6]. Males emit USVs mainly
during courtship and mating, however, their functions
are still unclear (reviewed in [7-10]). The vast majority
of studies on mouse USVs have been conducted on in-
bred laboratory strains (Mus laboratorius), and USVs are
often used as a tool to investigate neurodevelopmental
and speech disorders [11, 12]. Previous studies suggest
that USVs provide a reliable signal of male sexual
arousal or motivation (reviewed in [13]). The complexity
of male USVs is increased during the course of courtship
and particularly just before copulation [14] and mice of
both sexes emit vocalizations at a higher rate and higher
frequencies during opposite- compared to same-sex in-
teractions [15]. Female mice show approach behavior to-
wards playbacks of male vocalizations [16—18], and they
show preferences for USVs with more frequency jumps
[19]. Several hypotheses have been proposed to explain
why females are attracted to male USVs (reviewed in
[7]), and so far playback studies provide evidence for
two potential functions: (1) species recognition, as Mus
musculus females are more attracted to playbacks of
male USV of their own species compared to those of
Mus spicilegus [20]; and (2) kin recognition, as females
are more attracted to the USVs of non-kin compared to
those of their siblings [17]. In this study we aimed to
test whether males modulate their USV emission de-
pending upon the genetic compatibility of a potential
mating partner (kin recognition), and we tested
whether courtship vocalizations predict a mating pairs’
subsequent reproductive success.

It has long been suggested that the courtship USVs of
male mice influence mating and reproductive success,
and yet only two studies have tested this hypothesis to
our knowledge. First, Asaba et al. [18] recorded
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vocalizations during interactions of males with a female
after being housed with a different female for 4 months.
They found a correlation between the number of deliver-
ies during this time and the number of USVs males
emitted when they were later recorded with the other
female. However, it is unclear whether male USV emis-
sion influenced male mating success, or vice versa. Sec-
ond, Kanno and Kikusui [21] recorded males with a
novel virgin female both before and after they were
housed with another female for 2 weeks. They compared
males that emitted USVs with males that did not
vocalize before or after co-housing, and they found that
vocalizing males sired more offspring than non-vocalizing
males during the co-housing phase. This study recorded
males before and after housing with a female, but only
compared vocalizing versus non-vocalizing males. Thus, it
is still unknown whether any other variation in male USVs
predicts reproductive success. Also, these studies were
both conducted on laboratory mice (C57BL/6]), which
are very different from wild mice (laboratory strains are
selected for rapid reproduction, and differ in their vocali-
zations, courtship and mating behavior), and therefore, we
aimed to investigate the adaptive functions of courtship
USVs in wild-derived house mice.

In the present study we experimentally manipulated
the genetic compatibility (relatedness) of breeding pairs
by presenting males with an unfamiliar female, which
was either genetically related or not (no-choice mate
preference). We recorded the USVs emitted both, before
and after removing a perforated divider, and we then
tested whether the mice modulate the emission of court-
ship USVs depending on their genetic relatedness. This
experiment allowed us to test whether males alter their
USV emission during the early phases of courtship and
also to test whether males are able to recognize and
show preferences for unrelated over genetically related
potential mating partners. We expected that if the mice
show kin recognition and inbreeding avoidance, then
they will emit more USVs and a more complex reper-
toire when paired with unrelated females. Finally, we
tested whether male courtship USV emissions influence
the pairs’ subsequent reproductive success.

Results

Phases of courtship

We first investigated whether and how the males modu-
lated their USV emission when they were presented with
a female, first while separated by a clear, perforated div-
ider (introduction phase) and then during direct contact,
after the divider was removed (interaction phase). Over-
all, the mice emitted 5x more USVs and produced more
types of syllables during than before direct interactions
(vocal performance: Wilcoxon test: n =26, Z=-3.264,
p =0.001, Fig. 1a; vocal repertoire: Wilcoxon test: n = 26,
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Z=-3.912, p<0.001, Fig. 1b; Additional file 1: Table
S1). In both phases there was a positive correlation
between vocal performance and vocal repertoire, so
that the mice that emitted more USVs also emitted
more syllable types (Spearman correlation: introduc-
tion: n=26, rs=0.926, p<0.001, interaction: » =26,
rs=0.852, p<0.001) (Fig. 1d). The vocal repertoire
first increased with the number of vocalizations but
then plateaued after circa 10 syllable types. Hence,
the relationship between vocal performance and
repertoire follows a logarithmic curve. During direct
interactions the mice also emitted longer syllables
compared to the introduction phase (Wilcoxon test:
n=26, Z=-3.467, p=0.001, Additional file 1: Table
S1) (Fig. 1c). Therefore, we examined these two
phases separately for our subsequent analyses.

Female sexual receptivity

We examined whether USV emission was influenced by
female estrous state. During the introduction phase,
vocal performance did not differ when males were exposed
to females of any of the four estrous states (Kruskal-Wallis
test: 1 = 26, X = 3.169, p = 0.366). Visual inspection suggests
that during the interaction phase more USVs were emitted
when females were in proestrus than other stages; however,
there was also no significant difference among the four es-
trous states (Kruskal-Wallis test: 7 =26, x*=5.469, p=
0.141). Next, we combined females in proestrus and estrus
into “receptive females” and females in metestrus and dies-
trus into “unreceptive females.” Males had a higher median
vocal performance during direct interactions with a recep-
tive female compared to unreceptive females, however, this
difference was not statistically significant (Mann-Whitney
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U test: n =26, introduction: Z=-1.313, p=0.189, inter-
action: n=26, Z=-1.698, p=0.090, Additional file 1:
Table S2) (Fig. 2a). Female receptivity had no significant ef-
fect on the mean length of USVs during either phase
(Mann-Whitney U test: introduction: n =26, Z=-1.234,
p=0.217, interaction: n=26, Z=-0.309, p=0.758,
Additional file 1: Table S2) (Fig. 2b). Mice produced a
larger vocal repertoire when presented with an unreceptive
female (vs. a receptive female) during the introduction
phase (Mann-Whitney U test: n=26, Z=-2434, p=
0.015), but not during the direct interactions (Mann-
Whitney U test: n=26, Z=-1.643, p=0.100) (Fig. 2c,
Additional file 1: Table S2). Female receptivity also in-
fluenced the grand mean frequency of USVs emitted
during introduction (Mann-Whitney U test: n =25, Z =
-2.502, p=0.012) but not during direct interactions
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(Mann-Whitney U test: n =26, Z=-0.463, p=0.643)
(Fig. 2d, Additional file 1: Table S2) such that USVs
emitted in the presence of receptive females had a
lower grand mean frequency (50.67 +13.42 kHz) com-
pared to unreceptive females (62.42 + 7.73 kHz).

Genetic relatedness

We next tested whether USVs were modulated by presen-
tation of a genetically related or unrelated partner. During
the introduction phase, males tended to have a higher vocal
performance when presented with an unrelated female
compared to a related female (Welch’s t-test: n =26, t=
1.963, p =0.066), though not during direct interactions (t-
test: m =26, t=-0.038, p=0.9) (Fig. 3a, Additional file 1:
Table S3). This trend was mainly due to males emitting
more simple syllables when presented with unrelated
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compared to related females in the introduction phase
(introduction: Mann-Whitney U test: n=26, Z=-1.917,
p =0.055, interaction: t-test: n =26, t=-0.005, p=0.996)
(Fig. 3b, see Additional file 1: Table S3). The vocal reper-
toire did not differ between unrelated and related pairs in
any phase (introduction: Welch’s t-test: n =26, t=1.035,
p=0.311, interaction: t-test: n=26, t=0.773, p=0.447)
(Fig. 3c, Additional file 1: Table S3), however, unrelated
mice always emitted longer USVs than related mice in both
phases (introduction: Welch’s t-test: n =26, t=3.161, p=
0.005, interaction: t-test: n = 26, t = 2.449, p = 0.020) (Fig. 3d,
Additional file 1: Table S3). These results were not influ-
enced by female estrous state as there was no interaction
between female receptivity and relatedness to the male
(GZLM, interaction of receptivity*relatedness: vocal per-
formance: introduction: 7 = 26, Wald-x* = 0.133, p = 0.715,

interaction: 7 = 26, Wald-y* = 0.756, p = 0.388; vocal reper-
toire: introduction: # = 26, Wald-x* = 0.006, p = 0.937, inter-
action: n=26, Wald-y*=0446, p=0504 mean USV
length: introduction: 7 =26, Wald-x*=0.290, p =0.590,
interaction: 7 =26, Wald-x*=0.017, p =0.896; Additional
file 1: Table S4).

We further investigated whether other features of
USVs were influenced by a pair's genetic relatedness
running a discriminant function analysis (DFA) with the
following parameters: mean USV length (ms), grand
mean USV frequency (kHz), vocal repertoire, total number
of short syllables (square-root-transformed), total number
of simple syllables (square-root-transformed), and total
number of complex syllables (square-root-transformed).
These USV parameters tended to discriminate pairs of
different relatedness during direct interactions (DFA:
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n =26, Wilks’ Lambda = 0.558, canonical correlation =
0.665, p=0.057), but not during introduction (DFA:
n =25, Wilks’ Lambda = 0.655, canonical correlation =
0.588, p=0.206) (Fig. 4). Using cross-validation, the
DFA was able to correctly classify 73% unrelated and
50% related pairs into the respective group in the intro-
duction phase (overall: 64%, not cross-validated: 84%),
and 66% unrelated and 63% related pairs in the inter-
action phase (overall 65.4%, not cross-validated: 80.8%).
For each phase USV features could be combined into
one discriminant function, which was plotted against
the latency to the first litter (LFL) (Fig. 4) as a measure
of reproductive success (see below). The parameters
with the greatest discriminatory ability between related
and unrelated pairs were number of short syllables,
grand mean frequency and mean USV length in the
introduction phase and number of simple syllables,
mean USV length and number of short syllables in the
interaction phase. Thus, in the introduction phase
males emitted a larger number of simple syllables with
a longer duration and higher frequency to unrelated fe-
males, whereas they emitted a larger number of short
syllables at lower frequencies to related females (Fig. 4a).
During direct interactions, unrelated mice emitted
USVs with a longer duration and used a larger number
of complex syllables, while related mice emitted a larger
number of short and simple syllables (Fig. 4b).

Page 6 of 19

We then compared the different syllable types emitted
by related versus unrelated pairs using multivariate ana-
lyses. The results showed that the number of syllables
used per syllable type tended to differ between related
and unrelated mice during the introduction phase (PER-
MANOVA: n=26, F=1.942, p=0.062), but not during
direct interactions (PERMANOVA: n =26, F=0.797, p =
0.481). Variances were larger in unrelated than related
pairs during the introduction phase (permutation based
analysis of multivariate group dispersions: n =26, F =
4.314, p=0.041). Since PERMANOVA assumes similar
multivariate dispersions, these results should be treated
with caution and interpreted only for exploratory pur-
poses. In detail, 80% of the difference between the unre-
lated and related pairs during the introduction phase
was explained by five syllable types (“up”, “uc”, “s”, “c2”
and “us”) (Fig. 5a). Three syllable types (“up”, “c2” and
“s”) showed a greater abundance when males were pre-
sented with an unrelated partner and two syllable types
(“uc” and “us”) were emitted more often by related pairs
(Fig. 5a, ¢). Visual inspection of the pie charts suggests
that related mice emitted more ultrashort, short and
unclassified syllables (“us”, “s” and “uc”) in both phases,
whereas unrelated mice emitted more “up”, “u”, “ui’,
“c2”, “c3” and “c4” syllables in both phases (Fig. 5c).
These results are also consistent with the previous DFA
showing that related mice emitted larger number of
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ultrashort and short syllables, whereas unrelated mice
emitted a larger number of simple syllables during the
introduction phase and a larger number of complex
syllables during interactions (Fig. 4). Visualization of syl-
lable type usage in a 2-dimensional space using non-
metric multidimensional scaling (nMDS) plots provides
a good representation of the data during the introduc-
tion phase (stress =0.109) (Fig. 5a) and an intermediate
representation for the interaction phase (stress=0.150)
(Fig. 5b). Visual comparison of pairs consisting of sib-
lings and cousins show a similar distribution in syllable
type usage, however, we did not conduct a statistical
comparison due to the low sample sizes within groups
(see Additional file 1: Figure S1).

Reproductive success
We tested whether genetic relatedness influenced the re-
productive success of the pairs, and found that unrelated

pairs sired significantly more offspring than related pairs
during the entire breeding period (t-test: n=26, t=
2.215, p=0.036) (Fig. 6a) When comparing the number
of offspring born within 70d (i.e. the same time period
for all breeding pairs), unrelated pairs still sired more
offspring (13 +7) than related pairs (8 + 7), however, this
difference was not significant (t-test: n =26, t=1.783,
p =0.087) (Fig. 6b). Unrelated pairs gave birth to more
litters (Mann-Whitney U test: n=26, Z=-2.381, p=
0.017) (Fig. 6¢c, Table 1), while the litter size did not
significantly differ between unrelated and related pairs
(t-test: n =26, T =1.344, p=0.191; Table 1). Furthermore,
unrelated pairs tended to have a shorter latency to the first
litter (Mann-Whitney U test: n =26, Z = - 1.832, p = 0.067)
(Fig. 6d, Table 1) compared to related pairs, however this
effect of relatedness depended on female receptivity. We
found an interaction between the female’s receptivity and
her relatedness to the male on the latency to the first litter
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(GZLM: n =26, effect of relatedness: Wald-x*=5.135, p=  no difference in LFL between related and unrelated pairs
0.023, effect of receptivity: Wald-x* = 5.530, p = 0.019, inter-  (Fig. 6d).

action relatedness*receptivity: Wald-y* = 24.391, p < 0.001).

Among pairs with females that were initially receptive, un-  USV emission and reproductive success

related pairs had a significantly shorter LFL than related We tested whether USV emission correlated with the
pairs. When females were initially unreceptive, there was  pair’s reproductive success. We found that several USV
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Table 1 Statistical comparison of reproductive success (RS) between unrelated (n=15) and related (n=11) breeding pairs

RS within entire breeding period

RS within 70 days

Mann-Whitney U test

z p-value z p-value
Variable Comparison
Latency to first litter —1.832 0.067 -1913 0.056
Unrelated vs. Related
Number of litters —-2381 0.017 —2.096 0.036
t-test
t p-value t p-value
Variable Comparison
Number of offspring 2215 0.036 1.783 0.087
N. offspring in first litter Unrelated vs. Related 1.356 0.188 1.356 0.188
N. offspring/litter 1.344 0.191 1.264 0218
GZLM
Wald-Chi-Square p-value Wald-Chi-Square p-value
Variable Effect
Relatedness 5135 0.023 6.201 0.013
Log (Latency to first litter) Receptivity 5530 0.019 6.744 0.009
Relatedness*Receptivity 24391 <0.001 29.298 <0.001

Results are shown for data including offspring delivered during the entire breeding period (85 + 15d) and when using only offspring delivered within 70d. The
second dataset represents equal breeding opportunities for all pairs. Results showing p < 0.05 are reported in bold

parameters correlated with the latency to the first litter.
Surprisingly, we found that the results for unrelated
(UR) and related (R) pairs depended upon the experi-
mental phase. During the introduction phase, the grand
mean frequency of USVs and the vocal repertoire emit-
ted by males in related pairs was negatively correlated
with the LFL (Spearman correlation: UR: n =15, rs=
0.270, p =0.331, R: n =10, s = — 0.632, p = 0.0498, Fig. 7a
and Spearman correlation: UR: n=15, r;=0.363, p =
0.184, R: n=11, r,=-0.632, p =0.037, Fig. 7b, respect-
ively; see Additional file 1: Table S5). Thus, related mice
emitting USVs at a higher grand mean frequency and
with a larger vocal repertoire in the introduction phase
had a shorter latency to the first litter. Unrelated pairs’
USV emission during the introduction phase did not
correlate with LFL. During direct interactions, however,
we found that the mean length of USVs negatively corre-
lated with LFL but only in unrelated pairs (Spearman
correlation: UR: n =15, ry=-0.523, p =0.046, R: n =11,
rs=0.123, p = 0.718) (Fig. 7c, Additional file 1: Table S5).
Furthermore, unrelated pairs that had a higher vocal
performance, tended to have a shorter LFL (Spearman
correlation: UR: n =15, ry=-0.502, p =0.056, R: n =11,
rs=0.306, p =0.360, Additional file 1: Table S5). When
analyzing short, simple and complex syllable types separ-
ately, we found a significant negative correlation
between the number of simple syllables and LFL (Spear-
man correlation: UR: n =15, r,=-0.526, p=0.040, R:
n=11, ry=0.346, p=0.298) (Fig. 7d, Additional file 1:
Table S5), and a trend in the correlation between the
number of complex syllable types and LFL (Spearman
correlation: UR: n =15, rg=- 0472, p=0.076, R: n=11,
rs=0.388, p =0.238, Additional file 1: Table S5). Thus,

unrelated mice emitting longer USVs and with a higher
number of simple syllables during direct interactions
had a shorter latency to the first litter. When using the
DFA scores, which combine the USV parameters for
each phase, there was no correlation between the DFA
score and the latency to the first litter (Spearman correl-
ation: introduction: n =25, ry=-0.249, p =0.230, inter-
action: n = 26, ry = - 0.282, p = 0.163) (Fig. 4).

USV emission and reproductive success were not
affected by male age or age differences; however, we
found a negative correlation between female age and the
reproductive success in unrelated but not in related
pairs. Unrelated pairs with older females had a higher la-
tency to the first litter (Spearman correlation: UR: n =
15, rs=0.826, p<0.001, R: n=11, r,=0.151, p=0.658,
Additional file 1: Table S6) and produced less off-
spring within 70 d (Spearman correlation: UR: #n = 15,
rs=-0.586, p=0.022, R: n=11, ry=-0.396, p=0.228,
Additional file 1: Table S6). Furthermore, the age of
females in unrelated pairs was correlated with the vocal
performance (Spearman correlation: n =15, r,=-0.573,
p =0.026, Additional file 1: Table S7), vocal repertoire
(Spearman correlation: n=15, ry=-0.531, p=0.042,
Additional file 1: Table S7) and grand mean fre-
quency (Spearman correlation: n =15, ry=-0.526, p =
0.044, Additional file 1: Table S7) of USVs emitted
during direct interactions. However, we did not find
any correlation of the females’ age and USV emission
in related pairs or during the introduction phase (see
Additional file 1: Table S7).

Next, to test whether syllable type usage was associ-
ated with LFL, we divided the breeding-pairs into pairs
that gave birth within 25d (short LFL) and after 25d
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(long LFL). We chose a cut-off at 25d for two reasons.
First, visual inspection of the data showed a skewed dis-
tribution of LFL. Fifteen pairs had their first litter within
24d (20-24d), while 11 pairs had a latency of >29d (Fig. 8,
see Additional file 1: Figure S2). Second, since the ex-
pected gestation period of mice is 21d and one estrous
cycle lasts for approximately 4 days, mice with a la-
tency to the first litter of <25d were expected to mate
within the first estrous cycle. However, we found that
syllable type usage in both phases did not differ be-
tween pairs with a short or long latency to the first
litter (PERMANOVA: introduction: n =26, F=0.203,

p=0.997, interaction: n=26, F=0.835 p=0.481)

(Fig. 9).

Discussion

This is the first study to record wild-derived mice during
direct sexual interactions to our knowledge, and we
tested whether the USVs of mice emitted during court-
ship depend upon the genetic compatibility of a poten-
tial mating partner, and whether USV emission is
correlated with the pair’s subsequent reproductive suc-
cess. Our main findings include the following results: (1)
once males were allowed to directly interact with an
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unfamiliar female, we detected a significant increase in
the number of USVs emitted, which shows that mice
modulate their vocal performance during the early
phases of courtship. (2) We detected longer and more
complex USVs when males were experimentally paired
with genetically unrelated compared to related females.
This result provides further evidence that house mice
show genetic kin discrimination, and the first evidence
that male courtship USVs depend upon the relatedness
of a potential mating partner. (3) We found that unre-
lated pairs of mice had higher reproductive success com-
pared to incestuous pairings, which is consistent with

inbreeding avoidance, though prenatal offspring mortal-
ity due to inbreeding depression cannot be ruled out. (4)
We found that mean number and length of vocalizations
of unrelated pairs were negatively correlated with the
latency of the pairs’ first litter. This is the first study to
our knowledge to show that USV emission depends
upon genetic compatibility of mating partners, and the
first to find a relationship between USV emission and
subsequent reproductive success. Future studies are
needed to test whether USV emission influences mating,
whether mating influences USV emission, or both. Below
we address our main findings in more detail.
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types which were most representative for each breeding pair
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Dynamics of courtship USVs

Wild-derived house mice, unlike laboratory mice, rarely
vocalize in laboratory conditions until they are presented
with a stimulus mouse or its scent (Marconi et al. un-
published ms). Most males, but not all, begin vocalizing
after presenting a mouse on the opposite side of a perfo-
rated partition, and especially if it is the opposite sex
[15]. We expected males in this study to vocalize once
they detected females through the partition and then to
increase the amount and the types of USVs that they
emit once they could contact and directly interact with
the female. As expected, we found a large (5x) increase
in the number of USVs emitted during the interaction
phase, and the USVs were 1.5x longer compared to the
preceding introduction phase (Fig. 1). The mice also pro-
duced a more diverse vocal repertoire, as they emitted
more types of syllables during the interaction than the
introduction phase. The high rates of USV emission dur-
ing the interaction phase in our study were ca. 2x greater
than in previous studies of wild-derived mice recorded
while presenting males with only a female olfactory
stimulus (female urine) [17, 20, 22, 23] or with a stimu-
lus female separated with a divider [15, 24]. Our results
indicate that once males are presented with a stimulus
female, they modulate the rate of USV emission from
low to higher rates of calling upon detecting and then
directly interacting with and pursuing a potential mating
partner. A previous study on laboratory mice similarly
found that males emitted few vocalizations while the
sexes were separated, and then produced high levels of
USV emission during direct interactions [25]. The
amount and types of USVs that mice emit during
opposite-sex interactions are associated with mounting
behavior [26] and the types of USVs emitted change over
time during courtship and become longer and more
complex (i.e., multiple frequency jumps and harmonic
elements) at the end of courtship, and just before copu-
lation [14]. Taken together, these results indicate that
when male mice encounter an unfamiliar adult female,
they begin vocalizing, and then continue to modulate
the amount and types of USVs that they emit over time
as they initiate courtship and attempt mating. Modulat-
ing USV emission over time during courtship could
potentially influence male mating success, and how a
male modulates his vocalizations might be more import-
ant than the total number of calls that he produces (e.g.,
producing too many or the wrong types of USVs too
soon or too late might repel females). We observed
chasing, nose-to-nose sniffing, and anogenital sniffing,
but we did not observe any mating or mounting
attempts in our study. Future studies are necessary with
longer observation times (especially for wild mice) to
document how USV emission changes over time from
first encounter to copulation — and to determine how
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and why males modulate USV emission. One study
found that females are more attracted to playbacks of
complex USVs (containing more frequency jumps) than
simple ones (without frequency jumps) [19]. Playback
studies are now needed to manipulate the amount, types
and order of USVs that females perceive during
opposite-sex interactions over the stages of courtship,
and to examine female responses to differences in the
rate and other features of male USVs. Determining the
function of dynamic modulation of male courtship USVs
will be a challenge, especially since courtship vocaliza-
tions appear to be an interactive exchange between the
sexes (duetting) [27-29].

The increased USV emission we found during direct
interactions might be explained, at least in part, by
vocalizations emitted from females during direct interac-
tions. It was previously concluded that female mice do
not vocalize during courtship, as the rate of USV (70
kHz) emission did not differ when males interacted with
a surgically muted versus an intact, control female [30].
For this reason, studies on USV emission recorded dur-
ing sexual interactions often assume that only males
vocalize [14, 26]. More recently, however, female mice
have been shown to vocalize during direct opposite-sex
interactions [27-29]. However, females in these studies
contributed only up to 18% of the total USVs emitted,
and this is insufficient to explain the 5x increase during
direct interactions that we detected in our study. Wild-
derived female house mice have been shown to emit
USVs when presented with a stimulus mouse separated
by a divider [15, 24]. Here, we did not detect any in-
stances of overlapping USVs, which can be an indicator
that females rarely vocalized, unless they alternate their
calls to avoid overlapping. While we can attribute most
calls to the males during the introduction phase due to
the covered compartment of the female, we cannot as-
sume that the USVs recorded during direct interactions
were emitted solely by males in our study. Nevertheless,
it is unlikely that female vocalizations explain the large
increase of vocalizations that we found during the direct
interaction phase, and more importantly, this uncer-
tainty does not change the interpretation of our main
findings. Thus, future studies are needed to record the
USV emission of both sexes during direct opposite-sex
interactions in wild house mice.

Female sexual receptivity

We expected males to modulate their USV emission
depending on whether they are presented with a sexually
receptive versus a non-receptive female. During the
introduction phase, we found that males emitted USVs
at significantly lower frequencies (43 vs. 61 kHz), and
surprisingly they had a significantly lower vocal reper-
toire (6 vs. 9 syllable types) when presented with a
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sexually receptive female (proestrus or estrus) compared
to an unreceptive (metestrus or diestrus) female (Fig. 2).
However, during direct interactions we found no signifi-
cant effect of female sexual receptivity on USV emission.
A previous study that recorded the USVs of opposite-sex
pairs of laboratory mice found that their USVs were also
lower in frequency when females were in proestrus com-
pared to diestrus [26]. The recordings were made during
direct interactions, and it was assumed that this differ-
ence was due to males changing the frequency of their
vocalizations, but female vocalizations were not con-
trolled. In our study the female compartment was cov-
ered, so that the differences in USV emission we found
during the introduction phase were only due to male
vocalizations. Unlike this previous study, we found no
evidence that female receptivity influenced the length of
USVs emitted during direct interactions, and surpris-
ingly, we found that female estrus had a negative effect
on the vocal repertoire. Thus, the effects of female
estrous status on male USV emission may depend on
whether the mice are directly interacting and on the
stage of courtship.

Genetic relatedness and USV emission

We experimentally paired males with either a genetically
related or an unrelated female, and we expected the
mice to modulate their USV emission depending on the
kinship of their potential mating partner. The males
were unfamiliar with the stimulus females, as their sis-
ters were from different litters. We found that mice
emitted more vocalizations (introduction phase) and
longer USVs (interaction phase) when presented with
unrelated compared to related females. While we found
that more simple syllables were emitted for an unrelated
compared to a related female during the introduction
phase, our multivariate (discriminant function) analysis
indicated that during the interaction phase unrelated
pairs emitted a higher number of complex USVs,
whereas related pairs emitted a higher number of short
USVs. Thus, our result shows that male house mice dis-
criminated between genetically related versus unrelated
stimulus females, and that they emitted more, longer
and a higher number of complex USVs for unrelated
compared to related females, indicating that males can
assess the relatedness of potential mating partners, even
if unfamiliar (genetic kin recognition) (reviewed in [31]).
The recognition mechanisms involved here are still
unclear, but mice can discriminate kinship through odor
cues [32]. If USV emission provides an index of a male’s
sexual arousal, as often proposed [13], then our findings
suggest that male mice show mating preferences for
non-kin over kin potentially to avoid inbreeding.
Females have been shown to recognize siblings by their
USVs, as they are more attracted to playbacks of USVs
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from non-siblings than siblings [17], however, we cannot
rule out the possibility that females might be more
attracted to unrelated males due to odor or their en-
hanced sexual arousal. Taken together, our findings pro-
vide further evidence for genetic kin recognition in
house mice, and though USVs might mediate inbreeding
avoidance [17], more playback experiments are needed
to study female preferences and the recognition mecha-
nisms. We did not compare the different degrees of re-
latedness (siblings vs. first cousins) due to inadequate
sample sizes, and future studies are needed to investigate
this question.

Genetic relatedness and reproductive success

As expected, unrelated pairs had higher reproductive
success compared to mice that we experimentally
assigned to mate with close kin. Unrelated pairs pro-
duced more litters than related pairs, though their litter
sizes did not differ. This result may have been due to in-
breeding avoidance, though prenatal offspring mortality
due to inbreeding is a non-mutually exclusive explan-
ation for such differential reproductive success. This re-
sult did not differ when using the total number of
offspring sired during the entire breeding period or only
offspring born within 70d. We also found a lower la-
tency to first litter (LFL) among unrelated pairs, though
this result was also influenced by the receptivity of the
female at pairing. The difference in LFL between unre-
lated versus related pairs was only observed when the fe-
male was initially sexually receptive. In wild-derived
inbred strains of mice, it has been shown that females
derived from Mus musculus musculus (PWD/PhJ) show
a strong assortative choice when they are in estrous but
not in diestrous when they could choose between M. m.
musculus (PWK/Ph]) or M. m. domesticus (C57BL/67)
males [33]. Thus, our results could be explained by
females that were sexually receptive at pairing showing a
greater attraction toward unrelated than related males,
whereas the subsequent timing of reproduction must be
explained by other factors. Our results show that unre-
lated pairs reproduced with a shorter latency (especially
when the female was receptive) and at a faster rate
(more litters) compared to related pairs.

USV emission and reproductive success

We expected that the USV emission would predict a
pair’s subsequent reproductive success (i.e., reduced
latency to the first litter (LFL), increased offspring num-
ber, or both). The results supported our prediction, but
surprisingly, we found different results depending upon
the genetic relatedness of the pairs and the recording
phase. We found significant results only during the
introduction phase for the related mice and only during
the interaction phase for unrelated mice. Among the
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genetically related pairs, we found a significant correl-
ation between male USV emission and LFL: the males
that emitted USVs at higher frequencies and with a
larger vocal repertoire had a shorter latency to the first
litter. This result was found during the introduction
phase (which is why we can attribute the effect to the
male vocalizations), but not the interaction phase. Our
previous study found that mice emit USVs at higher fre-
quencies during opposite- compared to same-sex inter-
actions [15]. The potential functions of USVs emitted at
different frequencies is not known, however, one pos-
sible explanation might be that USV frequency is related
to sexual contact. Thus, if higher frequencies indicate
sexual arousal, then this could explain the association
with faster reproduction in the present study, however
studies are needed to test for this effect. Similarly, the
negative correlation between the vocal repertoire and
the LFL might indicate that emitting a larger number of
different syllable types can signal a higher sexual arousal
of males, or might be perceived as more attractive by the
female partner. Among unrelated pairs, USV emission
was also correlated with LFL, but only during the inter-
action phase. We found a shorter latency to the first lit-
ter when unrelated males emitted longer USVs and a
higher number of simple USVs during the direct interac-
tions. We also found a negative correlation between
complex USVs and LFL, though this trend was not sig-
nificant. This latter result is consistent with a study in
laboratory mice that found that the number of long
USVs with multiple frequency jumps and harmonic
USVs increase over time during courtship and mounting
[14]. Additionally, this previous study found that the dis-
tribution of the duration of syllables emitted during the
early phase of an interaction was different in pairs that
only showed sniffing behavior compared to pairs that
also showed mounting behavior. Mice exhibiting both
sniffing and mounting seemed to emit longer USVs than
mice that did not show mounting behavior [14]. Thus,
emission of long USVs and more complex USVs might
be an indicator of a higher male’s sexual arousal, and
might facilitate mating. Complex and long USVs might
be used by males to signal their sexual motivation [14],
and simultaneously provide information about their
genetic relatedness, which then might increase female
receptivity [18]. Furthermore, we found that USV emis-
sion depended upon female age (among unrelated pairs),
suggesting that USV emission might signal male sexual
motivation. As fertility decreases with age [34], males
are expected to prefer younger than older females, and
here we found that unrelated pairs reproduced faster
and with a larger number of offspring when the female
was younger.

Finally, since our results are based on correlational evi-
dence we cannot conclude any causal links and further
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studies are needed to experimentally test the effect of
USV emission on mating behavior and reproductive suc-
cess. Our results could be due to male preferences, fe-
male preferences, or both. Male USV emission appears
to signal sexual arousal [13], and males might be more
attracted to unrelated than related females. Females
might be more attracted to these calls and mate faster
with males that are more sexually aroused. Alternatively,
females might discriminate individual males or kin
versus nonkin using male USV emission [35], and might
mate faster with unrelated than related males [17].
Additionally, dynamic interactions between males and
females can influence the partner’s behavior, and there-
fore female and male preferences might not be inde-
pendent from each other.

Conclusions

In summary, our study provides evidence for dynamic
modulation of courtship USVs, genetic kin recognition,
and that the courtship USVs of male mice predicts their
subsequent reproductive success. Our results can be use-
ful for future breeding regimes, as USV emission could
be used to screen breeding pairs during their first con-
tact to anticipate their subsequent latency to reproduce
and reproductive success. Since wild mice often show a
long latency to reproduce or do not reproduce at all, this
could save time and resources in the laboratory, espe-
cially when working with wild mice. Future studies are
needed to manipulate the USV emission to experimen-
tally test the effect of USV emission on mating and re-
productive success. Furthermore, it is possible that USVs
might even have a larger effect on male reproductive
success in more natural conditions. Mice move around
during courtship over a much larger area than small
cages, and if male USVs help coordinate mating by keep-
ing females nearby [36], then studies are also needed in
larger areas.

Methods

Subjects and housing

We used wild-derived (F3) house mice (Mus musculus
musculus). Wild mice were trapped at the Konrad
Lorenz Institute of Ethology, Vienna, Austria (48°12°38"
N, 16°16'54"E) in 2012 and maintained as breeding
stock [for more details see 15]. We used wild-derived
mice to control for age and rearing conditions. Mice
were weaned at 21d and kept in mixed-sex groups with
<4 siblings per cage until the age of 5 weeks (35d). After
this time, adult males were housed individually to pre-
vent fighting and females were housed in sister-pairs
whenever possible. Mice were housed in standard Type
IIL cages (36.5 x 20 x 14 cm cages, Tecniplast, Germany),
with food (rodent diet 1324, Altromin, Germany) and
water provided ad libitum. Cages were covered with
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stainless-steel covers (1 cm mesh width) and provided
with bedding (ABEDD, Austria) and nesting material
(Nestlet, Ehret, Austria). A nest box (Tecniplast,
Germany) and a cardboard paper roll were provided for
environmental enrichment. Home cages were kept at
standard conditions (mean + SD room temperature: 22 +
2°C) under a 12:12 h light-red light cycle (red lights on
at 15:00). We used 26 males and 26 females, which were
249 £ 36 d old (mean + SD) and sexually naive at the be-
ginning of the experiment.

Breeding pairs and their reproductive success (RS)

Using our colony pedigree, we assigned individual males
and females to two types of experimental breeding pairs:
(1) 15 unrelated pairs (UR) and (2) 11 related pairs (R)
with an average coefficient of relatedness (CoR) of
0.29+ 0.2 (mean + SD). This group included 5 pairs of
siblings from different litters (CoR =0.5) and 6 pairs of
cousins that shared either two grandparents (1st degree
cousins, CoR =0.125, n =3), four grandparents (double
1st degree cousins, CoR=0.25, n=1) or two great-
grandparents (2nd degree cousins CoR =0.03125, n = 2).
Differences in sample sizes and degree of relatedness
were due to constrains on the number of individuals in
our colony. The age difference between males and fe-
males of the breeding pairs was 30 +28d (mean + SD;
median = 21d), and was not significantly different be-
tween unrelated (32 +30d, median =21d) and related
(28 £27d, median =21d) pairs (Mann-Whitney U test:
n =26, Z=-0.286, p=0.775). Furthermore there was no
difference of male or female age between unrelated and
related pairs (Mann-Whitney U test: male age: n =26,
Z=-1.272, p=0.203; female age: n=26, Z=-1.326,
p =0.185). Breeding pairs were housed in the males’
home cage after conducting the USV recordings and
under the same housing conditions described above.
After 21d, pairs were checked daily for litters, and each
pair’s reproductive success was documented using birth
dates, litter sizes, number of litters and days that mice
were kept in pairs. For further analyses of the reproduct-
ive success we used the following parameters: latency (in
days) to the first litter (LFL), number of offspring in the
first litter, total number of litters, total number of off-
spring and number of offspring/litter. The LFL of mice
that failed to reproduce (n =4 pairs) was defined as the
number of days mice were kept in breeding pairs plus
21d (gestation time). Since mice were also bred for
maintenance of our general colony, the time mice were
kept in breeding pairs differed between pairs (mean
SD: 9 + 2 wks, range: 7-13 wks). Nevertheless, the num-
ber of days that mice were kept as breeding pairs was
not significantly different between unrelated and related
pairs (Mann-Whitney U test: n=26, Z=-0.523 p=
0.610). The minimum time pairs were kept together was
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48d. To compare and standardize the breeding oppor-
tunities for all pairs, we further analyzed the parameters
using only offspring born until day 70 (48d in breeding
pairs +22d gestation period). Accordingly, we adjusted
the number of offspring, number of litters and number
of offspring/litter for pairs that reproduced also after
70d (n =3 unrelated pairs). Since all pairs that repro-
duced delivered their first litter within 70d, the LFL only
needed to be reduced to 70d for pairs that did not repro-
duce (n=4). The analyses using the restricted dataset,
did not change our main results (see Table 1), and there-
fore, we only present results of the full dataset, unless
stated otherwise. After the breeding was terminated, all
parental mice (males and females) were housed individu-
ally under standard housing conditions.

Female estrous state

Estrous state was checked using vaginal smears 3 to 5h
prior to USV recordings and staged according to the
presence or absence of vaginal cell types (light micro-
scope with 200x magnification using a 20x objective and
10x ocular): diestrus (mainly leukocytes), proestrus
(mainly nucleated epithelial cells), estrus (mainly corni-
fied cells) and metestrus (equal combination of all three
cell types) [37]. For further analyses, we pooled females
in proestrus and estrus as “sexually receptive” (indicated
by the absence of leukocytes) and females in metestrus
and diestrus as “sexually unreceptive” (indicated by the
presence of leukocytes) [33]. We used this classification
since we were interested in assessing sexual receptivity
rather than a particular estrous state.

Recording apparatus and procedure

USV recordings were conducted during the mice active
period under red light, i.e. after the onset of the dark
phase (15:00-18:00h) in a separate, closed room. Mice
were recorded in a plexiglass cage (modified from a
Type III cage, Tecniplast, Germany; floor measurements:
36.5 x 21 x 15 cm, top measurements: 42.5 x 27 x 15 cm)
equally divided into two compartments by a perforated
plexiglass divider (described in [15]). A clean recording
cage was used for each breeding pair. Both compart-
ments were provided with equal amount of soiled bed-
ding from the male’s home cage. Before each recording,
a male mouse was gently transferred into one of the two
compartments, which was covered with a standard cage
cover (1 cm mesh width). A female was then transferred
into the other compartment of the cage, which allowed
both olfactory and visual cues through the perforated
divider, but restricted physical contact. Recordings were
conducted in two consecutive phases, lasting 10 min
each. In phase 1 (introduction phase), we aimed to rec-
ord only male vocalizations, while exposed to the female
on the other side of the divider, i.e. with visual, and
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chemical communication. To ensure that we only re-
corded male USVs, the female’s compartment was add-
itionally covered with a 0.5 cm plexiglass cover, which
prevented recording USVs from the female compart-
ment (see [15]). An ultrasound microphone (USG Elec-
tret Ultrasound Microphone, Avisoft Bioacoustics /
Knowles FG) was placed in a fixed position 10 cm above
the center of the male compartment. For phase 2 (inter-
action phase), we removed the divider at the end of
phase 1 to allow direct, physical interactions. We also
exchanged the plexiglass cover with a stainless-steel cage
cover, and placed the microphone 10 cm above the mid-
dle of the entire cage to ensure that USVs would be re-
corded from all positions in the cage. The microphone
was connected to an A/D-converter (UltraSoundGate
416HDb, Avisoft Bioacoustics). Recordings were conducted
on a computer (Lenovo T540p, Windows 7) using the RE-
CORDER USGH software (Avisoft-RECORDER Version
4.2) with a sampling rate of 300 kHz and 16 bit format.
During USV recordings, we videotaped the mice using an
IP-camera (D-Link DCS-3710) and open source software
(iSpy - Video Surveillance Software), which allowed us to
observe the behavior of the mice from another room. We
did not observe any mating or mating attempts (i.e.
mounting, intromission, copulation) during the 10 min re-
cordings of direct interactions. Wild-derived mice typic-
ally show a long latency to mate (compared to laboratory
strains, which are selected for fast reproduction), and we
never observed any mating events during such brief inter-
actions. After the end of phase 2, both mice were gently
removed from the recording cage using plastic cylinders
and the male bedding was returned to the male’s home
cage. Both mice were placed together into the male’s
home cage to allow breeding.

Processing and analyzing vocalizations

Sound files were processed semi-automatically in STx
(S_TOOLS-ST* Version 4.3.8 (9374), Acoustics Research
Institute, Vienna, Austria). USVs were automatically de-
tected using the Automatic Mouse Ultrasound Detector
(A-MUD, version 3.1 [38]) and we set the threshold for
element duration at 5 ms (rather than 10 ms) to increase
the sensitivity in detecting ultrashort and faint elements.
This threshold reduces false negatives, but increases the
risk of false positive detections. We visually inspected all
sound files and removed false positive and retained false
negative segments. We also adjusted the length (start and
end time) of the detected segments when necessary. This
semi-automatic method ensured that we would include all
USVs and exclude false positive segments from our ana-
lysis. The USVs were manually classified into one of 15
categories (adapted from [20, 23, 26, 39, 40]) depending
upon their frequency, length and frequency modulation
(Table 2). Ambiguous syllables or other sounds were
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verified by listening to the sounds (slowed down 15- to
20-fold). Additionally, syllables types were grouped into 3
different classes (“short syllables”, “simple syllables” and
“complex syllables”, see Table 2), to reduce the number of
variables in some analysis. Spectrograms for visual inspec-
tion were created using the transcription function in STx,
which enabled us to scroll through the spectrogram in 2's
steps. Spectrograms were generated with a range of 50 dB
(floor at -80 dB to obtain a comparable representation for
all recordings), a frame of 4 ms and an overlap of 75%.
The spectrograms were displayed in a Hanning window
showing frequencies between 0 and 150 kHz. After classi-
fication, we ran the function compute/update segment info
in A-MUD to compute spectrographic parameters of each
detected element, including time and frequency parame-
ters (start time, duration, mean frequency, minimum fre-
quency and maximum frequency of each element). For
one related pair, during the introduction phase only 2
USVs were emitted, which had low amplitude and the
program was unable to detect frequency parameters.
Thus, this pair was not included in statistical analyses
when using frequency parameters of the introduction
phase. All parameters were exported into an Excel-file
(Microsoft) using the export-function of A-MUD, and
processed for further analysis.

Statistical analyses

To quantify the total USV emission rate, we used the
total number of USVs (vocal performance) recorded in
each 10 min phase. To quantify the usage of different
syllable types, we used the total number of USVs of each
syllable type emitted per 10 min phase. The amount of
different syllable types used by each pair is defined as
their vocal repertoire (0—15 different syllable types). For
quantifying additional spectrographic parameters (time
and frequency parameters), we calculated means (e.g.,
mean length) or grand means (e.g., grand mean frequency)
for each pair, separately for each parameter and for each
10 min recording. The mean length was calculated from
the length of each USV averaged over all USVs in each
recording. To calculate the grand mean frequency we used
the mean frequency of each USV (i.e. the average frequency
of the frequency track (contour) measured by AMUD) and
calculated the average over all USVs in each recording [15].
We examined data distributions and homogeneity of vari-
ances using the Kolmogorov—Smirnov test and Levene’s
test, respectively, and we used non-parametric statistical
tests if the assumptions for parametric statistics were not
met. We tested for normal distribution separately for each
phase and the different groups depending on the question
(introduction vs interaction, receptive vs unreceptive, re-
lated vs. unrelated). If possible, we transformed the data to
reach normal distribution. USV count data were square-
root transformed, after adding 0.5 to the data (sqrt(x + 0.5)),
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Table 2 Classification of the 15 different syllables types and grouping into 3 different syllable classes used in this study. Ambiguous

syllables or other sounds were verified by acoustical inspection

Syllable shape Syllable label Syllable type Syllable class

Definition

References

(< 5ms) us ultrashort Syllables < 91 kHz that are <5 ms regardless of the shape  [39]
Short syllables
(< 10ms) s short Syllables < 91 kHz that are < 10 ms regardless of the shape [26]
—— f flat Syllables < 91 kHz with < 5 kHz frequency modulation [26]
\ d down Syllables < 91 kHz that decreases in frequency for > 5kHz  [26]
¥ up up Syllables < 91 kHz that increase in frequency for > 5 kHz [26]
/ Simple syllables
_ -/' u u-shaped Syllables < 91 kHz that first decrease, and then increase [26]
. in frequency for > 5 kHz each
o~ ui u-shaped inverted Syllables < 91 kHz that first increase, then decrease in [26]
frequency for > 5 kHz each
Fa"a c complex Syllables < 91 kHz that contain =2 directional changes [26]
J in frequency and > 5 kHz modulation of frequency
i c2 complex 2 Syllables < 91 kHz consisting of 2 elements separated [20]
. by 1 frequency-jump without time separation
b~ c3 complex 3 Syllables < 91 kHz consisting of 3 elements separated [20]
{ by 2 frequency-jumps without time separation
~
Complex syllables
an c4 complex 4 Syllables < 91 kHz consisting of 4 elements separated Added category for
- by 3 frequency-jumps without time separation our classification
T g c5 complex 5 Syllables < 91 kHz consisting of 25 elements separated Added category for
/ \J« by 24 frequency jumps without time separation our classification
h harmonic Syllables < 91 kHz that have an harmonic element [26]
(> 91kHz) uh ultra high All syllables > 91 kHz regardless of the shape [23]
) uc unclassified Syllables that do not fit any other of the 14 categories [40, 41]

il

due to background noise or that lack clearly defined
spectrographic features (shape)

and LFL was log-transformed (log(x)). Sqrt transformation
of the USV count data resulted in normal distribution when
comparing related vs unrelated pairs. Log-transformation
of LFL was used to test for interactions between relatedness
and receptivity. Detailed variable definitions and raw data
which were used for statistical analyses are provided as add-
itional file (Additional file 2). We used two-tailed tests, and
results were considered statistically significant at o <0.05
and presented as mean + SD, unless stated otherwise. Statis-
tical tests were conducted using SPSS (IBM SPSS Statistics
24) and RStudio (R-Version 3.5.1 [42], using the functions
“vegdist”, “anosim”, “adonis2” and “metaMDS” included in
the package “vegan” [43]).

Whenever we tested for interactions between the
female’s sexual receptivity and relatedness to the male,
we conducted a generalized linear model (GZLM) in-
cluding the pairs’ relatedness, the females’ receptivity
and the interaction of both as fixed factors. Additionally,
we performed different multivariate methods to

investigate whether different USV parameters and the
syllable type usage depend upon the relatedness of the
pairs. We conducted a discriminant function analysis
(DFA) to test whether mice could be classified into un-
related or related pairs and which USV features had the
main effect in discriminating between the two groups.
We conducted DFA separately for the introduction and
interaction phase, and included the following features:
mean USV length, grand mean USV frequency, vocal
repertoire, number of short syllables, number of simple
syllables and number of complex syllables. These param-
eters were included in the DFA in order to combine
spectrotemporal features with parameters of syllable di-
versity and complexity. Since we only compared two
groups (unrelated vs. related pairs), the DFA resulted in
only one discriminant function axis. For visual represen-
tation of the results, we plotted the DFA score against
the latency to first litter as a variable describing the re-
productive success, as this was one of our main study
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questions. To describe differences in syllable type usage
between unrelated and related pairs, we conducted
PERMANOVA (permutational multivariate analysis of
variance) on the number of USVs emitted within each of
the 15 syllable types. PERMANOVA is a non-parametric
alternative to other multivariate statistics (such as
MANOVA), which works on permutations of a dis-
similarity measure [44, 45]. We conducted the ana-
lysis with 999 permutations by running the function
“adonis2” in the R-Package “Vegan” [43], using the
rank based Bray—Curtis dissimilarity indices. Non-
metric multidimensional scaling (nMDS) plots were
created for visual representation of the results. The
stress value of the plots describes whether the 2-
dimensional nMDS plot sufficiently summarizes the
relationship of the multidimensional data [46]. Stress
values <0.05, <0.1 and<0.2 will give an excellent,
good or intermediate representation of the data, re-
spectively. Results with stress values of 0.2—0.3 should
be interpreted carefully, while stress values > 0.3 indi-
cate arbitrary representation of the data in the 2-
dimensional space [46]. To examine the relationship
between USV emission and reproductive success, we
conducted Spearman rank correlations separately for
each phase and for unrelated and related pairs.
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ARTICLE INFO ) o ) o ) ) )
Acoustic communication mediates many types of social interactions; however, few studies have inves-

tigated whether courtship vocalizations contain distinctive individual signatures necessary for individual
recognition. Male house mice, Mus musculus, produce spectrally complex ultrasonic vocalizations (USVs)
during courtship and mating, which appear to attract females and increase male reproductive success.
Our goals were to (1) describe quantitative and qualitative changes in the vocalizations of wild-derived
male house mice, M. m. musculus, induced by a female odour stimulus; (2) measure individual variation
and consistency in male USV emission over time; (3) test whether the variation in USVs is greater be-
tween than within individuals; and (4) identify individual signatures in spectrotemporal features using
univariate statistics, multivariate models and machine learning methods. We recorded males once per
week for 3 weeks, used an automated method (A-MUD) to detect USVs, and manually classified them
into distinct syllables. We found that most males did not vocalize until they encountered female scent,
and then most males dramatically increased the number and the types of different vocalizations
(repertoire size and composition). Male USVs showed high interindividual variation and most showed
intraindividual consistency, and we found greater inter- than intraindividual variation for both USV count
and repertoire size. Male USVs contained individual signatures in most spectrotemporal features,
regardless of the method of analysis. Males sometimes produced few, if any, vocalizations when pre-
sented with female scent, but consistent nonvocalizers were rare. Our study provides the first evidence
that individual signatures in USVs of male house mice are stable over time and across recording trials,
although studies are still needed to investigate repeatability across social contexts and to test whether

USVs mediate individual recognition.
© 2020 The Author(s). Published by Elsevier Ltd on behalf of The Association for the Study of Animal
Behaviour. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).
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Individual recognition mediates a wide variety of social in-
teractions (Tibbetts & Dale, 2007; Wiley, 2013; Yorzinski, 2017), but
it requires sensory signals that contain distinctive ‘individual sig-
natures’ (i.e. phenotypic cues with high interindividual and low
intraindividual variation, Penn et al., 2007; Favaro, Gamba, Alfieri,
Pessani, & McElligott, 2015; Jornod & Roche, 2015). Many species
have been found to produce vocalizations that contain individual
signatures (reviewed in Shapiro, 2010; Kershenbaum et al., 2016,
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cited in Stowell, Petruskova, Salek, & Linhart, 2019). Yet, surpris-
ingly few studies have tested whether male courtship displays, or
other secondary sexual traits, contain individual signatures. Sexual
signals are often assumed to function either to influence or to
provide information to conspecifics (‘persuasive’ versus ‘informa-
tive’ signals, Grafen, 1990). It has also been argued that signals
function to influence rather than provide information to receivers
(Rendall, Owren, & Ryan, 2009). Yet, influence and information are
not alternative explanations for signalling, and male courtship
signals probably influence female receivers because they convey
information (e.g. species, sex, kinship and individual identity). In
this study, our main aim was to test whether the courtship ultra-
sonic vocalizations (USVs) of wild-derived male house mice, Mus
musculus musculus, contain individual signatures.

0003-3472/© 2020 The Author(s). Published by Elsevier Ltd on behalf of The Association for the Study of Animal Behaviour. This is an open access article under the CC BY-NC-

ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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The courtship USVs of male house mice are surprisingly complex
and have song-like features, that is, mice produce 10—15 different
syllable types in phrases of specific sequences repeated over time
(Holy & Guo, 2005; Scattoni, Gandhy, Ricceri, & Crawley, 2008;
Grimsley, Monaghan, & Wenstrup, 2011; Mahrt, Perkel, Tong,
Rubel, & Portfors, 2013; von Merten, Hoier, Pfeifle, & Tautz, 2014;
Matsumoto & Okanoya, 2016; Zala et al., 2019). Males mainly emit
USVs when exposed to adult females or their scent (Musolf,
Hoffmann, & Penn, 2010). The spectrographic features of USVs
have been described in laboratory strains (reviewed in Heckman,
McGuinness, Celikel, & Englitz, 2016; Ehret, 2018) and wild-
derived mice (Musolf et al., 2010; Hoffmann, Musolf, & Penn,
2012b; von Merten et al, 2014; Musolf, Meindl, Larsen,
Kalcounis-Rueppell, & Penn, 2015; Zala, Reitschmidt, Noll, Balazs,
& Penn, 2017a). Although both sexes emit USVs during courtship,
males emit most (83%) of the vocalizations (Neunuebel, Taylor,
Arthur, & Egnor, 2015; Heckman et al., 2017; Warren, Spurrier,
Roth, & Neunuebel, 2018), and the USVs of interacting
male—female pairs become more complex over time during
courtship and mating (Wang, Liang, Burgdorf, Wess, & Yeomans,
2008; Matsumoto & Okanoya, 2016). Females are more attracted
to vocalizing than devocalized males (Asaba et al., 2017), recorded
playbacks of male USVs versus controls (Pomerantz, Nunez, & Bean,
1983; Hammerschmidt, Radyushkin, Ehrenreich, & Fischer, 2009;
Musolf et al., 2010; Nomoto et al., 2018) and especially males with
more complex USVs (Chabout, Sarkar, Dunson, & Jarvis, 2015).
Males that vocalize obtain higher reproductive success than males
that do not vocalize (before and after housing with a female, Kanno
& Kikusui, 2018), and males with high reproductive success later
vocalize more than other males when presented with an unfamiliar
female (Asaba et al., 2017). Males that emit more and longer USVs
and larger vocal repertoires when presented with a novel female
have higher reproductive success when mated with those same
females compared to other males (Nicolakis, Marconi, Zala, & Penn,
2020). Male courtship USVs contain information about a male's
species and kinship, and this information influences female pref-
erences. (1) The spectral features of male USVs differ between Mus
species and females prefer playbacks of USVs from conspecific
versus heterospecific males (species recognition, Musolf et al.,
2015). (2) USVs also contain distinctive kinship signatures
(Hoffmann, Musolf, & Penn, 2012a), and females prefer playbacks of
males that are unrelated versus kin (kin recognition, Musolf et al.,
2010). Thus, USVs potentially mediate species and kin recogni-
tion, and our question here is whether they also provide informa-
tion about individual identity.

Individual variation is rarely acknowledged in most USV studies,
and it is often treated as undesirable noise when comparing groups
of mice. Some studies provide evidence for interindividual varia-
tion in USVs (e.g. Holy & Guo, 2005; Musolf et al., 2015; Castellucci,
McGinley, & McCormick, 2016; Zala et al., 2017a). Interindividual
variation is necessary, but not sufficient to show individual signa-
tures. Signals used to mediate individual recognition must contain
higher interindividual variation than intraindividual variation.
Moreover, repeated measures of individual vocalizations must
show high repeatability over time (consistency) and more simi-
larity to each other than to those of other individuals, so that in-
dividuals are not easily confused with each other.

Four studies to our knowledge have tested whether mouse vo-
calizations contain individual signatures, but the results are mixed
and inconclusive. (1) A study with laboratory mice (F1 of C57BL/6 X
DBA2/]) found evidence for individually distinctive USVs (Holy &
Guo, 2005); however, the analysis was conducted only on a sub-
set of seven of 45 mice that emitted the most USVs and had the
most diverse syllable repertoire. Thus, a larger and unbiased sample
size is needed. (2) A study with CBA/] mice found greater intra- than

interindividual variability in most parameters (Mahrt et al., 2013),
contrary to predictions of individual signatures. However, males
were recorded during direct interactions with females, and the
recordings probably included female vocalizations. Each male was
recorded with five different females, which may have further
inflated intraindividual variation. (3) A study with C57BL/6] mice
found that individual vocalizations were consistent and individu-
ally distinctive in call rate and duration, but not in other spec-
trotemporal features (e.g. pitch jumps, median pitch, peak power;
Rieger & Dougherty, 2016). However, males in this study were
also recorded in opposite-sex pairs (males were recorded only
twice and with a different stimulus female each time). Evidence for
individual consistency was still found, despite changing stimulus
females over trials, but nevertheless, definitive tests for individual
signatures require recording individual mice. Moreover, all these
studies were conducted with inbred, laboratory mice, Mus labo-
ratorius, which are expected to have artificially low interindividual
variation compared to wild populations. Therefore, conclusive tests
of individual signatures also require analyses of the USVs of
outbred, wild or wild-derived mice. (4) The first and only study on
individual signatures in the USVs of wild-derived male house mice,
M. m. musculus (Hoffmann et al., 2012a) found strong evidence for
individual signatures, as well as greater similarity between kin than
nonkin. Individuals in this study were recorded during a single
(90 min) session, indicating that USVs could potentially mediate
individual recognition during short-term interactions. However, to
determine the stability of individual signatures, studies need to
record individuals repeatedly over time (e.g. across recording ses-
sions on different days) and across different social contexts and
environmental conditions.

The main aims of our study were to (1) make detailed qualitative
and quantitative measures of the vocalizations of wild-derived
male house mice, which include syllable repertoire as well as the
number of USVs, before and after the mice were presented with
female odour, (2) quantify individual variation and individual
consistency in USV emission over time and (3) test whether USVs
show greater inter- than intraindividual variation (also called
repeatability or consistency) over time (i.e. individual signatures).
This approach has been used for measuring individual microbial
and volatile odour profiles of humans (Penn et al., 2007; reviewed
in Parma et al, 2017), as well as individual vocal signatures
(Petruskova et al., 2016). (4) We also aimed to determine whether
nonvocalizing is a consistent individual trait, since studies on male
wild-derived house mice found that some males surprisingly did
not emit USVs in response to a sexual olfactory stimulus (Musolf
et al, 2010; Hoffmann et al., 2012a; Musolf et al.,, 2015). We
repeatedly recorded wild-derived mice (F3 from wild-caught M. m.
musculus) before and during the presentation of a female urinary
odour stimulus (three trials over 3 consecutive weeks), and
described USV count, repertoire size and composition. We quanti-
fied the interindividual variation and intraindividual consistency,
and used the potential of individual coding (PIC) to identify pa-
rameters as candidates for individual discrimination. Additionally,
we paired these methods with multivariate statistics and machine
learning methods to test the potential of selected acoustic features
for individual signatures.

METHODS
Subjects and Housing

We recorded vocalizations from 22 sexually experienced adult
male mice, which were F3 generation of wild-caught house mice

living at the Konrad Lorenz Institute of Ethology (48°12/38'N,
16°16'54’E) in Vienna, Austria. Individuals were kept in mixed-sex
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family groups (standard Type IIL cages, 36.5 x 20 cm and 14 cm
high, stainless steel cover, 1 cm mesh width, Tecniplast, Hohen-
peienberg, Germany) until weaning (21 days). At weaning, mice
were housed in mixed-sex groups (maximum of four animals per
cage) until 5 weeks of age when females were housed in sister pairs
and males were singly housed to avoid fighting. Each cage con-
tained wood shavings (ABEDD, Vienna, Austria), nesting material
(Nestlet, Ehret, Austria), a nestbox (Tecniplast, Buguggiate, Italy)
and a cardboard paper roll for environmental enrichment. Mice
were provided with food (rodent diet 1324, Altromin, Lage, Ger-
many) and water ad libitum. Colony rooms were kept at standard
conditions (room temperature: mean + SD =22 +2°C,ina 12:12h
light:dark cycle with red light on at 1500). Test males (N = 22, mean
age + SD = 369 =+ 40 days at first recording day) were recorded in a
previous experiment with a female and then housed in a cage with
her for breeding (breeding regime: mean + SD =9 + 2 weeks). At
the end of the breeding regime, individual males were separated
and singly housed for a mean + SD of 9 + 2 weeks until recording.

Female Urinary Odour Collection (Sexual Stimulus)

We used female urine to elicit male USV emission, and we
collected urine from 28 wild-derived female house mice (mean
age + SD = 356 + 28 days at first sampling day) over 10 days. Two
mice were resampled once to achieve sufficient volume. Urine
collection and pooling were performed 2 weeks before the re-
cordings. Females were handled using a small, clean plastic cylin-
der, where they urinated, and urine was then pipetted and stored
at —80 °C. We pooled urine samples, and systematically assigned
females to males to control for several factors that could potentially
generate biases due to variation in female odour. (1) Urine from
each female was combined over the 10 days to reduce intra-
individual variation in scent due to oestrus or other reasons, i.e. we
sampled individuals over 5 consecutive days for 2 weeks to get
females in oestrus on 1—2 sampling days (Byers, Wiles, Dunn, &
Taft, 2012). (2) We combined 20 pl of urine from three females to
reduce interindividual variation (i.e. 60 pl urine stimulus). (3) We
controlled for potential variation in urinary scent due to females’
sexual experience combining the scent of one sexually experienced
female (housed with a male in our breeding colony) with a female
that had lived in seminatural conditions with males and one so-
cially experienced virgin (by a repeated 2 h exposure through a
perforated separation wall to males and females). Thus, each male
was weekly presented with a urine pool, which included two
sexually experienced females and one virgin. (4) Donor females
were not closely related (not siblings) or familiar to the male sub-
jects. (5) Urine from each female was used a maximum of three
times in different urine pools in the same recording week and nine
times over 3 weeks, and urine samples from each female were
dispersed across different males, so that there was more variation
in individual female donors within than between males. The same
male was never exposed to the same females again to minimize
potential effects of female identity. Thus, our design for collecting
and assigning female stimuli could potentially increase intra-
versus interindividual variation in odour, but not vice versa, and
therefore our results should be conservative.

Experimental Assay and Recording Procedure

We recorded male vocalizations first without and then during
presentation of a female urine stimulus and we compared indi-
vidual USV count and repertoire size during these two phases, and
over 3 recording weeks. We conducted our experiments under red
light during the most active period of the day (1500—1830) for the
mice. Each male was removed from his home cage and transferred

in a plastic cylinder where he was weighed and then placed in a
clean cage (36.5 x 20 cm and 14 cm high) with fresh bedding and a
stainless-steel cover (1 cm mesh width). The cage was put in a
separate room from the observers under red light and the male was
recorded for 5 min without any stimulus (prestimulation phase).
After 5 min, we offered a pool of thawed female urine on a cotton
swab clipped on the cage cover and recorded the individual for
10 min (stimulation phase). Each male was recorded once per week
over 3 consecutive weeks. Every week, each male was recorded at
approximately the same time of day, to avoid any time effects be-
tween days. Mice were video recorded with an IP camera (D-Link
DCS-3710) and audio recorded using an ultrasound microphone
(USG Electret Ultrasound Microphone, Avisoft Bioacoustics/
Knowles FG, Brandenburg, Germany) positioned 10 cm over the
centre of the cage. The audio recording set-up included the
microphone, an A/D converter (UltraSoundGate 416Hb, Avisoft
Bioacoustics) and a laptop (Lenovo T540p, Windows 7) with
RECORDER USGH software (Avisoft-RECORDER Version 4.2).
Recording settings included a 300 kHz sampling rate and 16-bit
format. We video recorded the behaviour of our subjects using an
open source software (iSpy—Video Surveillance Software, www.
ispyconnect.com).

USV Detection and Analyses

To analyse spectrograms, we used the software S_TOOLS-STx
(Version 4.3.8, 9374, Acoustics Research Institute, Vienna, Austria)
and we ran the automatic mouse ultrasound detector (A-MUD 3.0)
for USV detection and parameter extraction (Zala, Reitschmidt,
Noll, Balazs, & Penn, 2017b). We enabled the detection function
with a minimum length of 5 ms for each USV and, when necessary,
we manually adjusted the length of the USVs (see Nicolakis et al.,
2020). The transcription function produced the spectrogram with
a time window overlap of 75% (4 ms frame, Hanning window be-
tween 0 and 150 kHz) and a range of 50 dB (floor set at —80 dB for
all recordings). All the sound files were visually and acoustically
checked and USVs were classified according to 15 categories
modified from previous literature (Scattoni et al.,, 2008; Scattoni
et al., 2011; Hanson & Hurley, 2012; Hoffmann et al., 2012b;
Musolf et al., 2015) according to their length, frequency and fre-
quency modulation (as described in Zala et al., 2019, see Fig. 1). The
spectrogram visualization was in 2 s steps, and 25% of the spec-
trogram view overlapped with the previous one. After the visual
check, A-MUD 3.1 was run to extract spectrotemporal features for
each vocalization (starting time, USV length and minimum, mean
and maximum frequency). Computed parameters and manually
classified USVs for each sound file were saved into an Excel file
(Excel 2016, Microsoft Office Professional Plus) for statistical anal-
ysis. We classified 24 376 USV syllables from 66 recordings of 22
individual males (ca. 17 h of recording in total).

For analyses, each 15 min recording was divided into a 5 min
prestimulation phase (phase 0) and a 10 min odour stimulation
period, which was divided in half (phases 1 and 2) so that we could
compare these three 5 min blocks. To compare the 5 min presti-
mulation phase (phase 0) with the stimulation period, we used only
the first 5 min (phase 1). The two halves of the stimulation period
(phases 1 and 2) were highly correlated and showed similar results
for all the tests performed and did not indicate increased or short-
term habituation (see Appendix Table A1). We defined three main
vocal parameters: USV count (total number of USVs emitted during
the recording time), repertoire size (number of different syllable
types uttered during each recording, 1-15 USV categories, see
Fig. 1) and repertoire composition (number of USVs emitted for
each syllable type). The USV mean frequency was calculated as the
grand mean of the mean frequency over all USVs of each recording
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Figure 1. Ultrasonic vocalization (USV) repertoire classification. Examples of 15 types of USV syllables emitted by male mice, defined by duration and frequency parameters

(adapted from Zala et al., 2019).

(Zala et al., 2017a). We also calculated the mean frequency band-
width as the difference between the maximum and the minimum
frequency for each syllable. For the stimulation period (phases 1
and 2 and the entire 10 min), we computed the intercall interval
(ICI) which we defined as the temporal gap between two vocali-
zations within one recording. We divided the ICI into two separate
parameters: the mean intersyllable interval (ISI), defined as the gap
between two consecutive USVs within a bout (<300 ms), and the
mean interbout interval (IBI) which we defined as the gap between
one sequence of vocalizations (bout) and the following one
(>300 ms, Chabout et al., 2015; Castellucci, Calbick, & McCormick,
2018). We also computed the total USV length (time the mouse
spent vocalizing during one phase and trial), and the latency to the
first USV as the time from the start of each recording to the first USV
emitted by the mouse. Each parameter was computed separately
for each mouse, each phase and trial.

Statistical Analyses

All variables were inspected for normal distribution and ho-
mogeneity of variance using the Kolmogorov—Smirnov test and the
Levene's test. We used a square-root transformation for the USV
count (sqrt(USV count+0.5)) and the repertoire composition for
making correlations and other comparisons. We used percentages
of the syllable types to correct for mice that emitted few USVs,
unless stated otherwise. Most of our data had a negative binomial
distribution and were highly right skewed, which do not meet the
assumptions of parametric models. There is no consensus regarding
the most appropriate method for analysing individual signatures
when data are highly skewed (Linhart et al., 2019). Thus, when the
assumptions for parametric tests were not met, we performed
nonparametric statistical tests. Results are presented as mean + SD,
unless specified otherwise. We conducted two-tailed tests and
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statistical significance was set at « < 0.05. All tests were corrected
for multiple testing with the false discovery rate (FDR) and post hoc
tests were calculated with the Benjamini—Hochberg procedure. We
performed statistical tests using SPSS (IBM Statistics 25, IBM,
Armonk, NY, US.A.) and RStudio (R version 3.5.1, R Core Team,
2018). From R, we ran the package ‘vegan’ (Oksanen et al., 2018),
with the functions ‘vegdist’, ‘anosim’ and ‘metaMDS’ for the
nonparametric analysis of similarities (ANOSIM) and the nonmetric
multidimensional scaling (NMDS) graphs. Spearman rank correla-
tions were computed to remove highly correlated parameters in
both the t-distributed stochastic neighbour embedding (t-SNE; van
der Maaten & Hinton, 2008; van der Maaten, 2009) and the
recursive function elimination based on the random forest classifier
(RFE). Correlations were run and graphed with the package ‘corr-
plot’ (Wei & Simko, 2017). The t-SNE was run with the package
‘tsne’ (Donaldson, 2016). The random forest classifier required the
packages ‘randomForest’ (Liaw & Wiener, 2002), ‘caret’ (Kuhn et al.,
2018) for parameter selection by RFE, ‘reshape2’ (Wickham, 2007)
and ‘ggplot’ (Wickham, 2006) for data preparation and graphs.

To describe how male mice modulated their USV emission upon
encountering female odour, we analysed the variation in USV
count, repertoire size and composition between stimulation phases
and sampling weeks using Friedman tests. We used the mean
percentages of all individuals for each syllable type for each phase
and trial to control for differences between individuals and create
pie charts. We angular transformed the repertoire composition
(proportion of USVs/syllable type) to run Friedman tests for each
syllable type within and between phases and weeks. We present
the repertoire composition in each phase and trial using pie charts
for all mice, and bar charts for examples of three vocalizing mice to
show the individual variation during each phase and trial. Since
USV count and repertoire size showed similar patterns between
phases and over time, we investigated the relationship between the
square-root-transformed USV count and repertoire size for each
phase and sampling week, including the full 10 min stimulation
period, by performing Spearman rank correlations. To test for
interindividual variation in each phase and over time, we compared
the distribution of both USV count and repertoire size before and
during males’ stimulation and we tested them for kurtosis and
skewness in each recording week (for the USV count distribution
see also Zala et al. (2017a) and Zala et al. (2019)). We then tested
intraindividual consistency in USV count and repertoire size
through correlations between the 3 weeks for each phase with
Spearman correlation tests. Thus, we determined whether these
parameters might be candidates for individual signatures by per-
forming univariate tests (Friedman tests) on the entire 10 min
stimulation period. Since we found higher variation between than
within individuals in USV count and repertoire size, we ranked the
mice according to their variation in USV emission (from the lowest
to the highest SD of the USV count) assigning them the code 1-22
and we kept this order for all our models.

To quantify the individual variation between males and determine
which parameters provide candidates for individual signatures, we
calculated the PIC (Favaro et al., 2015). We examined 27 USV param-
eters and used four different models. The first two models included 13
mice vocalizing in phases 1 and 2 in all 3 weeks and had equal
numbers of USVs (N = 1872, model 1) and recordings (N = 39, model
2), respectively. The other two models sampled 19 mice vocalizing at
least during phase 1 or 2 and included all USVs (N = 23 414, model 3)
and all recordings (N = 57 recordings, model 4; see Appendix). We
performed Friedman tests for each parameter when we had equal
sample sizes (i.e. number of USVs/mouse in the first model and
number of recordings/mouse in the second and fourth models), to
compare individual variation between weeks and correct with FDR
(Benjamini—Hochberg procedure) for multiple testing.

To obtain more robust assumptions about the candidate vocali-
zations for individual signatures, we performed ANOSIM and used a
machine learning method (random forest). We examined separately
the repertoire composition for each mouse and recording day (3
weeks) with ANOSIM (Clarke & Warwick, 2001) and graphed our
results using NMDS (Clarke & Warwick, 2001; see Appendix). Then,
we used machine learning and ran the RFE to select the potential
individual signatures and the random forest classifier to assign the
recordings to the individuals (Breiman, 2001). Before implementing
machine learning methods (RFE and random forest classifier) and
visualizing the data (t-SNE), we ran Spearman correlation matrices
to remove highly correlated parameters and kept one of them from
each group to run the models (Murdoch & Chow, 1996; Friendly,
2002). We graphically presented the data run with the remaining
parameters using the t-SNE. Then, we implemented the RFE
including all 26 USV parameters previously computed with the PIC.
The RFE sequentially reduces the number of parameters and selects
the candidates as individual signatures. Finally, we trained the
random forest classifier to learn how to correctly identify the in-
dividuals using the relationship between the selected acoustic pa-
rameters and the ground truths (correct individual identities). Thus,
we report the accuracy in correctly identifying individuals (random
forest classifier). We computed three different models with different
numbers of mice (N = 13 males vocalizing in both phases or N = 19
males vocalizing at least in one stimulation phase) and recordings
from the stimulation period (i.e. three recordings when the entire
10 min of stimulation was used and six recordings when phase 1 and
phase 2 were added separately; see Appendix). To assess possible
mechanisms for individual signalling, we also tested whether higher
percentages of some syllable types in the repertoire composition
influenced the spectrotemporal features chosen by the RFE (e.g. a
high percentage of short USVs would affect the USV length or a high
percentage of vocalizations with a small difference between the
start and the end frequency of the vocalization might influence the
frequency bandwidth). We correlated each spectrotemporal feature
(grand mean frequency, frequency bandwidth and mean USV
length) with the percentage of each syllable type in each week and
corrected our significant results with the FDR for multiple testing
(N =19). We also inspected the candidates for individual signatures
detected by the RFE, for intraindividual consistency and tested
whether they experienced a decline or an increase over the 3 weeks.
Thus, we performed correlations between consecutive weeks for
each spectrotemporal feature and percentage of specific syllable
types chosen by the RFE and also included the percentage of ‘up’
since it was the most common syllable type used by males during
our recordings (N = 19).

Ethical Note

The study was conducted in accordance with the recommen-
dations in the Guide for the Care and Use of Laboratory Animals of
the National Institutes of Health. All experiments were carried out
at the Konrad Lorenz Institute of Ethology (Vienna, Austria) and all
protocols have been approved and followed guidelines and ethical
standards in the care and use of experimental animals of the Ethical
and Animal Welfare Commission of the University of Veterinary
Medicine (ETK-17/04/2015, Vienna, Austria). We did not kill any of
the mice used for our study, and they were returned to our colony.

RESULTS
Male Response to Female Odour Stimulus

The 22 males rarely vocalized during prestimulation (phase 0)
and they emitted a grand mean of 10 + 21 USVs/5 min over 3
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weeks. Once presented with the odour stimulus, males showed a
17 x increase in USV count (phase 1: grand mean 173 + 184 USVs;
phase 2: grand mean 186 + 207 USVs; see Fig. 2a—c, Appendix
Tables A1, A2). USV emission remained high and there was no
difference for the USV count or repertoire size between the first and
second half of the stimulation period in each week (Appendix
Table A1) or between the 3 weeks (Appendix Table A2). Repertoire
size showed a similar pattern (grand mean 2 + 1 syllable types in
phase 0 versus 7 + 5 syllable types in phase 1 and phase 2; see
Fig. 2d—f, Appendix Table A2). Phase O was always significantly
different from the other phases for USV count, repertoire size and
repertoire composition (see Fig. 3, Appendix Fig. A1; Table A3). USV
count and repertoire size increased over the 3 weeks during phase
0, but not during the stimulation phases, although this difference
was not statistically significant (see Fig. 2, Appendix Table A4).
When we compared the stimulus phases within each of the 3
weeks we found that syllable repertoire had greater spectral di-
versity and complexity during odour stimulation than prestimula-
tion, and that this short-term increase occurred each week (see
Fig. 3, Appendix Fig. Al; Table A3). Over the 3 weeks, males

increased the repertoire composition between phases. In the first
week, phase 0 differed by 8/15 syllable types from phase 1, but by
the third week, it differed by only 4/15 syllable types; thus, the two
phases were more similar in week 3. Males did not emit signifi-
cantly more diverse or spectrally complex syllable types between
the 3 weeks and the three stimulation phases after FDR correction,
but our power to detect differences is low. During prestimulation,
the percentage of ‘up’ increased from week 1 to week 3 although
not significantly, and during stimulation more than 50% of the total
number of USVs were ‘up’ vocalizations emitted by all males (see
Fig. 3, Appendix Fig. A1; Table A5).

Relationship Between USV Count and Repertoire Size

We investigated the relationship between male USV count and
repertoire size during the stimulation period since they showed the
same pattern between phases and over time (Fig. 2). As expected,
USV count and repertoire size were positively correlated in a
nonlinear, asymptotic curve (Fig. 4). These nonlinear correlations
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Figure 2. Individual male USV emission before and during sexual odour stimulation. (a, b, ¢) USV count and (d, e, f) repertoire size during the 5 min prestimulation phase (phase 0,
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in each week. The three mice vocalized 1-142 USVs in phase 0 (a: 20 + 11; c: 12 + 4; e: 77 + 58 USVs) and 56—330 USVs in phase 1 (b: 271 + 22; d: 99 + 55; f: 254 + 73 USVs) over 3

weeks.

were significant in all 3 weeks and phases separately (all phases:
P < 0.001) and the results did not change by adding phase 1 and
phase 2 (10 min stimulation period; see Fig. 4, Appendix Table A6).

Interindividual Variation

We quantified interindividual variation in USV count (Fig. 5) and
repertoire size (Appendix Fig. A2). During the prestimulation phase
(phase 0), males emitted 0—205 USVs and 0—12 different syllable
types. Nearly half of the males (41%) did not vocalize whatsoever
during this phase, and although vocalizing males tended to show an
increase in USV count and repertoire size during this phase over the
3 weeks, this difference was not statistically significant. During the
first 5 min of the stimulation period, males emitted 0—625 USVs.
Most (15/22) males vocalized in all 3 weeks (grand mean 246 + 179
USVs; Fig. 5) and had a repertoire size of 1-13 syllable types
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Figure 4. Relationship between individual USV count and repertoire size. The
asymptotic curve shows the correlation between the USV count (sqrt(USV count +
0.5)) and the repertoire size during odour stimulation (10 min) in week 1 (N = 22). The
curves for weeks 2 and 3 show similar patterns (graphs not shown).

(Appendix Fig. A2). During this phase, male USV count was
moderately and positively skewed (week 1: skewness = 0.780,
kurtosis = —0.822; Shapiro—Wilk test: W=0.837, N=22,
P=0.002; week 2: skewness= 1126, Kkurtosis = 0.513;
Shapiro—Wilk test: W=0.820, N=22, P=0.001; week 3:
skewness = 0.655,  kurtosis = —0.686;  Shapiro—Wilk test:
W=0.884, N=22, P=0.014). However, repertoire size was
moderately and negatively skewed (week 1: skewness = —0.468,
kurtosis = —1.467; Shapiro—Wilk test: W=0.834, N=22,
P=0.002; week 2: skewness=—0.333, Kkurtosis= —1.605;
Shapiro—Wilk test: W=0.858, N=22, P=0.005; week 3:
skewness = —0.502, kurtosis = —1.429, Shapiro—Wilk test:
W =0.844, N =22, P=0.003). USV count and repertoire size in
phase 2 showed a similar pattern and were not significantly
different from those in phase 1.

Intraindividual Consistency

Most males (16/22 or 73%) did not vocalize at all during phase
0 in at least one of the 3 weeks (grand mean 10 + 26 USVs), and
only two individuals did not vocalize at all during the 10 min
stimulation period in all 3 weeks. During phase 0, 59% (13/22) of the
mice vocalized in at least 1 of the 3 weeks, but not consistently over
time. Thus, USV count and repertoire size did not correlate between
weeks. In contrast, during the first 5 min of stimulation, males
emitted between 0 and 625 USVs and 15 consistent vocalizers
emitted 246 + 179 USVs over the 3 weeks (see Fig. 6, Appendix
Table A7). Individual USV count was correlated between consecu-
tive weeks (i.e. week 1 versus 2, and week 2 versus 3;
Prpreorrected < 0.001, phases 1 and 2), and the correlation was more
similar than between nonconsecutive weeks (i.e. week 1 versus
week 3: Pepreorrected = 0.016 in phase 1 and = 0.012 in phase 2; see
Fig. 6a, Appendix Table A7). Repertoire size in phase 1 was corre-
lated between weeks (i.e. week 1 versus 2: Pgpreorrected < 0.001;
week 2 versus 3 and week 1 versus 3: Pepreorrected = 0.012). How-
ever, in phase 2 it was only correlated between weeks 2 and 3
(PepReorrected < 0.001), but not between the other 2 weeks (see
Fig. 6¢, Appendix Table A7). Mice also showed high consistency in
their USV count and repertoire size within the same sound file
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when the first part of the recording was correlated with the second
part of the recording during stimulation (phase 1 versus phase 2) in
all 3 weeks (see Appendix Fig. A3; Table A8).

Comparing Inter- versus Intraindividual Variation

For the male USV count (using data from the entire 10 min
stimulation period, we found significantly greater differences be-
tween than within individuals (Friedman test: N = 22, x° = 51.465,
P <0.001; Fig. 7a). Some individuals had a more distinctive USV
count than others, once again indicating that some mice were
consistently low or high vocalizers.

For male repertoire size, we again found significantly greater
differences between than within individuals (Friedman test:
N=22, ¥’ =54.222, P<0.001; Fig. 7b). Some individuals had a
more distinctive repertoire size than others. Thus, individuals
appeared to cluster into several different groups according to the
USV count and repertoire size (see Fig. 8). We could graphically and
statistically detect five different groups (Kruskal-Wallis test:
H4=19.89, N=22, P=0.001): (1) consistent non and low vocal-
izers (N =6, having consistently low USV count and repertoire
size); (2) inconsistent low-level vocalizers (N = 4, with low USV
count and high variation in repertoire size); (3) consistent
intermediate-level vocalizers (N = 4, with intermediate USV count

and repertoire size) whose USV count was close to the mean and
median USV number (e.g. mean range for four mice: 294—444 USVs
where grand mean=359USVs and mean of the
median = 323 USVs over 22 males); (4) inconsistent high-level
vocalizers (N = 3, high variation in USV count but small variation
in repertoire size); and (5) consistent high-level vocalizers (N = 5,
high consistency for both parameters).

Candidates for Individual Signatures

To be a good candidate for an individual signature, a parameter
should have a PIC > 1 (see Appendix). Model 1, which had the same
USV count for each individual (N = 1872 USVs) and was run on a
subset of mice (N = 13) over 3 weeks (Appendix Table A9), included
six parameters of which the frequency bandwidth, the ICI and the
USV length all had a PIC > 1. The minimum, mean and maximum
frequencies had a PIC close to 1 (0.78 < PIC > 0.81). Friedman tests
showed that all parameters were significantly different between
individuals after FDR correction for multiple testing (Appendix
Table A9). Model 2, run on three recordings per mouse and week
(N =39 recordings and 20 parameters), showed that all percent-
ages of syllable types had a PIC > 1. In more detail, the percentage of
less common USVs (‘c5’, ‘uh’, ‘c4’, ‘uc’ and ‘h’), ‘c3’ and ‘up’ had a
PIC > 2. However, we found a significant difference only for the
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percentage of more common syllable types (‘c3’, ‘up’, ‘ui’, ‘d’, ‘u’ and
‘") between individuals recorded over the 3 weeks. The IBI, ISI,
repertoire size and total USV length had a PIC > 2 and latency to the
first USV had a PIC > 1 and were still significantly different between
weeks and individuals after FDR correction (Appendix Table A9).
Model 3 included six parameters and all vocalizing mice (N = 19)
and all recorded USVs (N = 23 414). In contrast to the results of
model 1, the maximum, mean and minimum frequencies had a
PIC>1, but the frequency bandwidth was only close to 1
(PIC = 0.80). We still found the ICI had a PIC > 1 but the USV length
had a PIC just close to 1 (PIC = 0.95; Appendix Table A9). Model 4
included three recordings per mouse and week (N = 57 recordings
and 21 parameters). As for model 2, all the syllable types had a
PIC > 1. The percentage of less common types (‘h’, ‘c5’, ‘us’, ‘ubl’, ‘c’
and ‘c4’) had a PIC > 2 and showed significant differences (only for
‘h’, ‘uh’ and ‘c’) after FDR correction for multiple testing. However,
unlike model 2, the percentage of ‘c’ had a PIC > 2, whereas the
percentage of ‘c3’ and ‘uc’ had a lower PIC (PIC = 1.7 and PIC = 1.9,
respectively) and the percentage of ‘uc’ was not significantly
different between mice and weeks. As previously found, the per-
centage of more common syllable types (‘c3’, ‘d’, ‘f, ‘c2’, ‘ui’, ‘0’ and
up’) were still significantly different between mice and weeks after
FDR correction for multiple testing. Moreover, the IBI had a PIC > 2
and the latency to the first USV had a PIC higher than in the

previous model (PIC = 2.2 versus PIC = 1.7). The ISI, repertoire size,
total USV length and USV count had a PIC > 1 and together with the
IBI and the latency to the first USV were significantly different
between individuals and over the 3 weeks after FDR correction for
multiple testing (Appendix Table A9). Mice emitted USVs with a
grand mean ISI of 139 + 26 ms and a grand mean IBl of 34 + 60 s. In
summary, all models confirmed most of the parameters as indi-
vidual signatures. Models 1 and 3, which used parameters related
to each USV, selected different candidates with PIC >1 but the other
candidates were close to 1. Models 2 and 4, run on parameters
calculated for each recording, confirmed most of the parameters as
individual signatures. We observed a general decrease in the PIC
values from model 2 to 4, possibly due to an increasing number of
USVs (i.e. from 1872 to 23 414) and an increase in PIC values for the
IBI and latency to the first USV.

Repertoire Composition

Individual males showed moderate, but significant clustering
according to differences in their repertoire composition (ANOSIM:
R=0.562, N =19, P=0.001), and the NMDS presented a moderate
separation of the individuals (stress value = 0.17; Fig. 9).
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Spectrographic Features

Similar to the PIC models, the first machine learning model
included mice that vocalized in both phase 1 and phase 2 during
10 min of stimulation in all 3 weeks (N = 13 and 23 parameters)
and we correctly assigned 86% of recordings to the corresponding
individuals (Fig. 10).

The grand mean frequency and mean frequency bandwidth, the
ISI and the repertoire composition with the percentage of simple
and complex USVs (‘f and ‘c2’) were selected in all iterations to
predict individuals (Appendix Table A10). In the second model, run
on data sets including separately phase 1 and phase 2 (6 data
points/male and N = 13), mice were correctly identified by their
recordings with 89% accuracy (24 parameters). The grand mean
frequency, the mean frequency bandwidth, the mean USV length,
and some syllable types with their percentages (‘up’, ‘f, ‘d’, ‘u’, ‘ui’,
‘c2’ and ‘c3’) were chosen in 100% of the iterations (Appendix
Table A10). The third model included all the mice that vocalized
over the 3 weeks (N = 19) during at least one of the stimulation
phases (i.e. 3 recordings/male). The random forest classifier did not
perform as well as for the previous data sets, assigning 56% of re-
cordings to the correct individuals (22 parameters). The grand
mean frequency, the percentage of ‘d’ and ‘f were selected in all
iterations (Appendix Table A10). In summary, the grand mean fre-
quency and the percentage of ‘f’ appear to provide good candidates
for individual signatures (chosen in all three models) together with
the mean frequency bandwidth and the percentage of ‘d’ and ‘c2’
(chosen in two models) and the ISI (chosen in one model) in all
iterations. We confirmed the results obtained with the RFE by
performing univariate analyses on our candidates as individual
signatures. We found that the variation in frequency parameters,
temporal parameters and percentage of ‘f was significantly higher
between than within individuals for both the set of 13 and the set of
19 sampled mice (see Appendix Tables A9 and A11). However, the
percentage of ‘c2’ was only significantly different between in-
dividuals in the set of 19 males and we found only a trend when
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sampling 13 males. This discrepancy might suggest a higher
between-individual variation in repertoire composition when
including low and high vocalizers (19 mice) in the analyses, than
when inspecting the repertoire composition in more vocal mice (13
mice) uttering USVs in both stimulation phases (see Appendix Figs
A4 and A5; Tables A9 and A10). To test whether repertoire
composition influenced the spectrotemporal features identified as
individual signatures with the RFE, we computed correlations be-
tween percentages of syllable types and spectrotemporal features.
We found that syllables with changes in frequency or with fre-
quency jumps (i.e. percentage of ‘u’, ‘c’ and ‘c3’) were correlated
with the mean USV length in all 3 weeks; however, in week 1 we
found a trend for the percentage of ‘c3’ (Appendix Table A12). We
did not find correlations between the grand mean frequency or the
mean frequency bandwidth and the percentage of different syllable
types (N = 19). Then, we tested whether mice showed high intra-
individual consistency (high correlation between consecutive
weeks for each parameter) for the potential individual signatures
found with the RFE (N =19 and 3 recordings/week/mouse). The
grand mean frequency, the average frequency bandwidth, the
percentage of ‘d’ and the mean USV length were highly correlated
between all 3 weeks. The percentage of ‘c2’ was correlated between
consecutive weeks (i.e. week 1 versus 2 and week 2 versus 3).
However, the percentage of ‘up’ correlated only between weeks 2
and 3 and week 1 versus 3. The percentage of ‘f correlated only
between weeks 1 and 3 and the ISI only between weeks 1 and 2
(Appendix Table A13). In summary, mice did not modulate their
repertoire composition, frequency or temporal parameters during
stimulation over the 3 weeks. Moreover, the relationship between 2
consecutive weeks for these parameters was not more similar than
between nonconsecutive weeks as we previously reported for the
USV count and the repertoire size. However, we detected the
strongest intraindividual consistency, and thus correlation, be-
tween weeks 2 and 3 for most of the parameters (5/7 parameters;
see Appendix Table A13).
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DISCUSSION

Our results confirm high interindividual variation in the vocal
responses of male mice to female urinary odour, and provide the
first evidence that male mice increase the types of USVs, as well as
the number of vocalizations, upon encountering female scent. We
found individual consistency in USV emission over time and across
trials on different weeks, and greater inter- than intraindividual
variation in both the number (USV count) and types of vocalizations
(repertoire size). Most males showed individually distinctive USV
count and repertoire size, although some males emitted more
distinctive vocalizations than others. Our results extend the find-
ings of a previous study on wild-derived male house mice
(Hoffmann et al., 2012a), by showing stability in individual vocali-
zations over 3 weeks. Below we address our main findings in more
detail and the implications of our results.

Effects of Female Scent on Male Vocalizations

Our analysis of male vocalizations before and during the pre-
sentation of female urinary odour gave the following results. First,
during the prestimulation phase, the males emitted very few, if any,
USVs (e.g. in week 1, 10/22 of the males did not vocalize at all, and
the rest on average emitted 2 +4 USVs and 1 + 2 syllable types/
5 min during this phase). Our results are consistent with another
study on wild-derived mice (Musolf et al., 2010), and with some
previous studies with laboratory strains, which found that males
emitted few USVs without a social or sexual stimulus. For example,
males emitted no USVs over 3 min in Gourbal et al.’s (2004) study,
and over 10 min in Rieger and Dougherty's (2016) study. However,
Chabout et al. (2015) found that males spontaneously emitted
26 USVs/5 min. These differences could be due to genetics or

environmental conditions. A study on C57BL/6] mice found that
males spontaneously emitted ca. 25 USVs (median) in a novel
environment under dim light versus only ca. 1-10 USVs/5 min in
other conditions (Mun, Lipina, & Roder, 2015). The mice in our
study were also recorded in a novel environment and under dim
light, and yet none of the unstimulated males vocalized at such
high rates, at least in the first week. On the other hand, 12 of 22
males increased the number of different syllable types produced
during the prestimulation phase over the 3 weeks. This change was
not statistically significant, but it supports evidence that males
increase spontaneous USV emission after previous experience in
sociosexual interactions (Burke, Screven, & Dent, 2018). Thus,
spontaneous USV emission might provide an index of a male's
previous sexual interactions or current state of arousal, and
domesticated male mice might vocalize when socially isolated
because they are easily aroused (and because vocalizing might no
longer have negative fitness consequences).

Second, after the presentation of female urine, half of the
males began vocalizing within 1 min and they significantly
increased both the number and types of USVs emitted (Fig. 2). In
detail, 95% of the males started vocalizing within ca. 30 s after
first sniffing the urine, whereas in only three of 57 of the re-
cordings over 3 weeks did males vocalize before sniffing urine.
Males showed an 89 times increase in the USV count and a seven
times increase in the repertoire size during the stimulation
period (mean in week 1: 178 + 190 USVs and 7 + 5 syllable types)
compared to prestimulation. USV count and repertoire size were
highly correlated before and during the stimulation, as previ-
ously shown (Zala et al,, 2019). The males also increased the
spectral complexity of their USVs upon sexual stimulation:
before stimulus presentation males mainly emitted simple USVs
(short duration and without frequency jumps), whereas during



M. A. Marconi et al. / Animal Behaviour 169 (2020) 169—197 181

odour stimulation, they emitted USVs with greater spectral
complexity (long duration, more than one element, harmonic
elements). During stimulation (first 5 min), 54% of the USVs
emitted were ‘up’ syllables, whereas the other syllables were <
10% of the total USVs. Laboratory males emit many ‘up’ USVs just
after the introduction of a female into a male's cage (C57BL/6Nc,
Matsumoto & Okanoya, 2016), during direct interactions with a
female without mounting (strains B6 and BTBR, Scattoni et al.,
2011) and after a female is removed from the test arena
(strains B6 and FVB, Yang, Loureiro, Kalikhman, & Crawley, 2013).
These findings suggest that males emit a high proportion of ‘up’
USVs during courtship, but not during mounting or mating.
Males might also emit ‘up’ syllables to attract a female's attention
after she leaves the area (Yang et al., 2013). Future studies are
needed with wild-derived mice to examine the temporal changes
in syllable sequences used during courtship to test whether
different syllable types have different functions.

Males in the present study were surprisingly more vocal than
those in our previous studies, and in other studies on wild-derived
mice, but not as vocal as laboratory mice. The mice in our study
vocalized at five times higher rates (number of USVs/min) than
those in a previous study using a thawed sample of frozen urine,
and at 1.7 times higher rates than when the stimulus was fresh
urine (Hoffmann et al., 2009, 2012b; Musolf et al., 2015). Males
vocalized at three times higher rates in the present study than
when stimulus females were presented to a male on the opposite
side of a divider (Zala et al., 2017a; Nicolakis et al., 2020), and the
males' USV counts are comparable to recordings of males directly
interacting with a female (Nicolakis et al., 2020). These results
could be due to genetics, as our mice originated from a different
population than in these previous studies (Hoffmann et al., 2009,
2012b; Musolf et al., 2015), and wild populations of mice show
differences in USV emission (Musolf et al., 2015). They might also be
due to subtle differences in rearing or handling, even though our
methods for rearing and handling animals were identical to these
studies, and they were conducted in the same rooms. In contrast,
studies on laboratory mice have found that males vocalize at even
higher rates when presented with female urine (e.g. male B6D2F1/]
mice presented with fresh urine emitted four times more USVs than
we found (Chabout et al., 2015) and Yang et al. (2013) found males
emitted six times more USVs during direct interaction with an
oestrous female, i.e. phase 1 for strains B6 and FVB). It is misleading
to compare our results with many previous USV studies on labo-
ratory mice, however, because they often excluded nonvocalizing
mice. If we had arbitrarily excluded the six lowest vocalizers in our
study (27% of males), for example, then this would have resulted in
a 1.4 times increase in the mean USVs emitted (see more below).
Future studies should avoid or at least report the practice of
selectively recording only the most vocal mice.

Our results suggest that male mice begin to alter the quantity
and quality of USV emission as soon as they detect female scent,
as well as during the latter stages of courtship and mating
(Matsumoto & Okanoya, 2016). Our findings suggest that males
emit USVs at a comparable rate and complexity when exposed to
an odour versus during direct interactions with a female
(Nicolakis et al., 2020). In contrast, a previous study on laboratory
mice found that males emit more complex syllables, although at
a similar rate, when exposed to female odour versus the presence
of a female (Chabout et al., 2015). Male mice may emit USVs in
response to detecting female scent to attract potential mates or
to keep them in the vicinity, and subsequently increase the
spectral complexity of vocalizations once they begin to interact
(Nicolakis et al., 2020). Studies are needed to test whether it is
the changes in male USV emission over time that attract and
influence female mice.

Relationship Between USV Count and Repertoire Size

Mouse USVs are often classified into 3—15 syllable types, ac-
cording to the absence or presence of frequency jumps and other
spectrotemporal features (reviewed in Heckman et al., 2016; Ehret,
2018). However, only one other study, to our knowledge, has
examined the relationship between USV number and repertoire
size in mice (Zala et al., 2019). Both that study and ours showed that
increasing the number of USVs uttered increases the number of
spectrally different syllable types. If all the USV types have the same
probability of occurring and only 15 vocalizations are sufficient to
obtain the full vocal repertoire, the graphical representation should
be a straight line with a perfect correlation between the USV count
and the repertoire size. However, if USVs do not all have the same
probability of being emitted, the relationship between USV count
and repertoire size should be different. Our data showed that the
USV count and repertoire size have a positive nonlinear, asymptotic
relationship. Producing a high diversity of USVs requires producing
many USVs (e.g. if a male only emits five USVs, it is not possible to
emit more than five types). This inescapable constraint explains the
lack of USVs to the left of the line and the region with >15 USV
types (see Fig. 4). Repertoire size need not necessarily increase with
increasing USV numbers (males could potentially emit a large
number of calls using one type of USV), and yet numbers of USVs
and types of USVs are positively correlated. It is unclear why males
also produce a large USV repertoire when they emit a large number
of USVs. It might be that repertoire size and number are both in-
dicators of sexual motivation or of sexual attraction (often called
arousal, see Nyby, 1983; Hanson & Hurley, 2012; Chabout et al.,
2015; Matsumoto & Okanoya, 2016; Nicolakis et al., 2020). In-
dividuals with larger repertoires might emit specific USV types
with specific spectrotemporal features (e.g. higher mean length for
USVs with multiple frequency jumps) than other individuals, but
this hypothesis needs to be tested.

Interindividual Variation

Our results show that there is high interindividual variation in
male USV emission, but mainly during sexual stimulation. Before
sexual stimulation, males produced few if any USVs, as previously
mentioned, and USV count and repertoire size showed little indi-
vidual variation (even though the mean and variation in USVs and
syllable types emitted during the prestimulation phase tended to
increase over the 3 weeks). In contrast, during sexual stimulation,
we found very high interindividual variation in USV count (e.g. in
the first 5 min, males emitted 0—110, 0—125 and 0—118 USVs/min
over weeks 1, 2 and 3, respectively). Thus, the average and variance
in USV emission were higher in the stimulation than the presti-
mulation phase, which can be explained by the low USV count in
the latter (i.e. a floor effect). Some males vocalized at low rates
during the stimulation period (e.g. in week 1, six mice emitted
0—16 USVs). The repertoire size for these males was 9—12 syllable
types, indicating that males can have a large repertoire size, despite
uttering few USVs. We also found that some high vocalizers (5/22
males) over 3 weeks showed both a large USV count > 334 USVs/5
min (e.g. week 1: median = 107, interquartile range = 1—-336/
5 min) and a large repertoire size of 9—13 different syllable types
(e.g. week 1: median = 9, interquartile range = 1-10/5 min). Two
of 22 males did not vocalize at all in the stimulation period, as re-
ported in previous studies. For example, in studies on laboratory
mice during direct interactions with a female, one study excluded
four of 24 males that were nonvocalizing (Scattoni et al., 2011),
whereas another study excluded six of 16 males that emitted < 10
USVs (Matsumoto & Okanoya, 2016). Two comparable studies on
wild-derived mice found that three of 15 males did not vocalize
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during exposure to female odour (Hoffmann et al.,, 2012a), and
another reported that two of 14 males did not vocalize during social
interaction with females or males (von Merten et al., 2014). One
study found that nonvocalizing individuals were more common
among wild-derived than inbred laboratory mice, and that wild-
derived laboratory mice from four different strains emitte-
d < 10 USVs/15 min (Sugimoto et al., 2011). Studies are needed to
investigate the possibility that nonvocalizing functions as an
informative signal.

Intraindividual Consistency

During stimulus presentation, we found little consistency in
nonvocalizing behaviour over time, whereas among vocalizers, low
vocalizers tended to remain low and high vocalizers remained high
vocalizers. We first investigated whether nonvocalizers, which did
not vocalize in the first week, remained silent over the next 2
weeks. During the prestimulation phase, nearly half of the males
did not vocalize at all (during any week), but only two of 22 in-
dividuals were consistent nonvocalizers over 3 weeks; most males
instead alternated between vocalizing and nonvocalizing. During
the stimulation period (first half), most males vocalized, but again
only two of 22 individuals were consistent nonvocalizers (one male
did not vocalize before or after stimulation). Instead, four of 22
males alternated between vocalizing and nonvocalizing during the
3 weeks, indicating that nonvocalizing is rare and consistent non-
vocalizing is even rarer, contrary to what has been suggested
(Hoffmann et al., 2012a; von Merten et al., 2014). To determine why
some males were consistent nonvocalizers, we examined the
rearing conditions of these 'silent types': one male was reared with
only one sibling (a brother) and the other two males were reared in
large litters (five pups) and sex ratios, neither of which is unusual.
Two of the three nonvocalizing males had lower body mass
(22—24 g) than the average for this population (grand mean body
mass over 3 weeks: 26.8 +2.9 g), suggesting that nonvocalizers
were in poorer condition than other mice. We observed no quali-
tative differences in the behaviour of these individuals during the
experiments (although detailed quantitative behavioural analyses
were not performed). Yet, we noted that one of the consistent and
small nonvocalizing males was difficult to capture (i.e. high
handling time) during our 3 weeks of recording, and he was very
active in his home cage. The other nonvocalizing male spent an
unusual amount of time self-grooming and was relatively immobile
in his cage. Thus, these results suggest that male mice do not emit
courtship vocalizations when they experience prenatal stress, or
they are distressed or in poor health or condition (Lopes & Konig,
2016).

Among the males that vocalized, many consistently produced
USVs over all 3 weeks (despite the presentation of scent from
different females each week). We found no evidence that the males
habituated to the presentation of novel female odour, or that they
increased vocalizing rates during the stimulation period over the 3
weeks (unlike the prestimulation phase). During the prestimula-
tion phase, only six of 22 males consistently vocalized over all 3
weeks, whereas, during sexual stimulation (first 5 min), 15 males
vocalized during all 3 weeks (although two mice never vocalized at
all and one vocalized only in the third week). Only one of the
nonvocalizers was a consistent nonvocalizer for both the presti-
mulation phase and stimulation period and over the 3 weeks. The
other four mice (18%) did not consistently vocalize during the three
trials. Overall, six mice showed consistency in vocalizing before and
during stimulus presentation and over the 3 weeks. Thus, during
odour stimulation, most mice were vocalizers and remained vo-
calizers. Some mice were more consistent than others in their USV
count and repertoire size, and most individuals did not change the

rank order of USV emission over the 3 weeks (3/22 males increased
and 5/22 decreased; Fig. 6b, d). Low vocalizers remained low and
high vocalizers remained high vocalizers over time (e.g. in week 1,
2 = 0.422 and see correlations in Fig. 6, Appendix Table A7). Indi-
vidual consistency in USV emission was higher between 2
consecutive weeks, and still consistent over the 3 weeks. The
repertoire size during the stimulation period was significantly
correlated only in the second 5 min between weeks 2 and 3. This
result might be driven by inconsistent males that did not vocalize
over all 3 weeks. In fact, inconsistent males might use a similar
repertoire size but with fewer USVs compared to the repertoire size
of more consistent mice with a larger USV count. We also found
that during the 10 min stimulation period, the USV count and the
repertoire size were highly correlated in phases 1 and 2 in all 3
weeks (see Appendix Fig. A3, Table A8). Our findings provide sup-
port for a previous study on individual signatures in USVs emitted
by wild-derived mice recorded during a single session (Hoffmann
et al., 2012a).

We found high interindividual variation at each time point, and
individual consistency over time, i.e. consistent individual varia-
tion, vocal individuality or vocal personality, which might reveal
other personality traits (Friel, Kunc, Griffin, Asher, & Collins, 2016;
Naguib, van Rooij, Snijders, & van Oers, 2016; Spinka, Syrovd,
Policht, & Linhart, 2018). We also found variation in consistency,
i.e. rank order did not remain consistent. These results are not
surprising, but studies might find consistency in rank order when
mice are recorded in more natural conditions, and males become
dominant or subordinate, for example.

Individual Signatures: Inter- versus Intraindividual Variation

We found significantly more variation in USV emission between
than within individuals, and that some individuals were more
distinctive in their USV count and repertoire size than others. When
we compared the prestimulation phase with the first 5 min of the
stimulation period, we found greater differences between than
within individuals in male USV count and repertoire composition
over the 3 weeks (Fig. 7). We found low, intermediate and high
vocalizers, as well as consistent and inconsistent vocalizers for both
the USV count and the repertoire size. Males seemed to cluster into
these five different groups, separated depending upon their indi-
vidual variation and consistency for both parameters (see Fig. 8).
Less consistent males could be either low vocalizers with high
variation in their repertoire size or high vocalizers with high vari-
ation in their USV count but not in repertoire size.

We assessed the strength of individual signatures using the PIC
models. We found that all parameters provided individual signa-
tures for models based on three recordings per mouse (models 2
and 4) and three to four of the six parameters provided potential
individual signatures for models based on large data sets (models 1
and 3) that included all USVs (Appendix Table A9). In more detail,
all parameters from model 1 and 11—16 of the 20 parameters from
models 2 and 4 differed significantly between males (Appendix
Table A9). In model 1 the frequency bandwidth, the ICI and the USV
length were candidates but in model 3, only the other frequency
parameters (grand mean frequency, mean minimum and
maximum frequency) and the ICI were. For models 2 and 4, the
percentage of syllable types with lower occurrence (USVs with
more than one frequency modulation and multiple frequency
jumps) and high-frequency USVs (>91 kHz) were candidates.
Moreover, the ISI, the IBI and the latency to the first USV had a high
PIC. Thus, these findings suggest a possible role of spectrotemporal
features and repertoire composition as candidates for individual
recognition, even if they were not completely repeatable using
different models. Differences in parameter selection between
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models might be due to the different sample sizes and different
approaches to extract the parameters used for the analyses.

We found that males had consistent repertoire sizes and
repertoire compositions. A consistent male for both the repertoire
size and composition should utter the same number of different
syllable types and the same proportion of USVs for each syllable
type (e.g. a male always has three syllable types over the 3 weeks
which are always ‘up’, ‘d’ and ‘f'). However, mice could also be
consistent in their repertoire size, but not in their repertoire
composition (e.g. a male uses three syllable types in week 1 that are
‘up’, ‘d’ and ‘f’ but in week 2 he utters ‘u’, ‘ui’ and ‘s’ and in week 3
‘up’, ‘c2’ and ‘uh’). Thus, repertoire size and composition provide
different information, but we still do not know the function of the
different syllable types. Hence, we showed for the first time in wild-
derived mice that some males had a distinct vocal repertoire
composition compared to other mice, and that this trait was
consistent over the 3 weeks (and across recording trials), thus
providing a distinctive individual signature potentially used for
individual recognition (see ANOSIM, Fig. 9). More vocal individuals
were clustered according to spectrally simple USVs (‘f, ‘up’, ‘d’, ‘0’
and ‘ui’) and short USVs (<10 ms USV length), whereas some of the
less vocal individuals were grouped around less spectrally distinct
or less common syllable types (‘c4’, ‘c5’, ‘ul’, ‘uc’ and ‘us’; Fig. 9).
This result is consistent with the results from the high PIC scores
assigned to the rarer syllable types chosen as candidates for indi-
vidual signatures.

The RFE supported our findings and selected seven different
parameters from three different models: the grand mean fre-
quency, the mean frequency bandwidth, the percentage of ‘d’, ‘f
and ‘c2’, the mean USV length and the ISI. The accuracy score in-
terval between models was from 56% (19 males sampled over 22
parameters) to 89% (13 males sampled over 24 percentage pa-
rameters) and the models selected similar parameters as candi-
dates for acoustic signatures. We obtained the highest accuracy
score for the RFE (89%) when we included in the model phases 1
and 2 separately. There are at least two explanations for this result,
which are nonmutually exclusive: increasing the number of sam-
pling points increased the accuracy score, or there might be con-
sistency in the spectrotemporal parameters within the same
recording.

In more detail, the grand mean frequency (66.57 + 12.64 kHz)
and the percentage of ‘f were the most important parameters for
individual signatures, as they were chosen in all three models, the
frequency bandwidth and the percentage of ‘d’ and ‘c2’ in two
models and the mean USV length and the ISI in one model during
the 10 iterations run by the RFE (Appendix Table A10). Thus, the RFE
confirmed some candidates as individual signatures already found
with the PIC, but not all of them were confirmed by both models
(i.e. latency to the first USV, IBI and percentage of less common
syllable types). Previous studies have investigated possible func-
tions of these acoustic parameters. The mean frequency and
duration (USV length) were parameters previously indicated as
individual signatures in wild-derived house mice (Hoffmann et al.,
2012a). The mean frequency is also repeatedly used by other spe-
cies for individual discrimination (e.g. giggling vocalizations in
hyaenas, Crocuta crocuta, Mathevon, Koralek, Weldele, Glickman, &
Theunissen, 2010). In sac-winged bats, Saccopteryx bilineata, males
are individually distinguished by two frequency parameters (the
fundamental frequency and the end frequency of the trill), which
are emitted only during courtship (Behr & von Helversen, 2004),
and the fundamental frequency and a high song rate are correlated
with reproductive success (Behr et al., 2006). In human voices, the
fundamental frequency is paired with formants for individual
recognition (Latinus & Belin, 2011; Xu, Homae, Hashimoto, &
Hagiwara, 2013).

The frequency bandwidth has been reported to be used for in-
dividual and species recognition. For example, a study on labora-
tory mice, trained to recognize differences in USVs, showed that
both males and females could distinguish USVs from artificial
sweeps when the bandwidth was lower or higher than 60—80 kHz
(35—80 kHz and 55—80 kHz) or the USV was longer than 200 ms
(Screven & Dent, 2016). Another study reported that male mice
modify their frequency bandwidth when another male is in the
same cage and they are both provided with a female odour stimulus
(Seagraves, Arthur, & Egnor, 2016). However, it is not known
whether mice can discriminate between most of the syllable types,
defined in our study or others, and whether they can perceive
differences in the acoustic parameters in more spectrally similar
vocalizations. In some species, however, a displacement in the
frequency bandwidth can avoid the acoustic overlap between vo-
calizations from heterospecifics or conspecifics (e.g. birdsong in the
forest or echolocation calls in bats; see Planqué & Slabbekoorn,
2008; Hase, Miyamoto, Kobayasi, & Hiryu, 2016).

We are unable to explain why the number and percentage of ‘d’
and ‘f were parameters chosen by our models as individual sig-
natures, since more than 50% of the USV count included ‘up’ vo-
calizations. Some studies report that ‘up’ vocalizations are one of
the most represented syllable types in the repertoire of mice and
are emitted in different social contexts and behavioural conditions
(Hanson & Hurley, 2012; Heckman et al., 2016; Hurley & Kalcounis-
Rueppell, 2018; Matsumoto & Okanoya, 2018; Nicolakis et al., 2020;
Sangiamo, Warren, & Neunuebel, 2020). Other studies have sug-
gested that ‘d’ syllable types are involved in highly social in-
teractions in juvenile B6 mice (Panksepp et al., 2007) or in pups
separated from their mothers (Lahvis, Alleva, & Scattoni, 2011). In
adult laboratory mice, males emit many ‘f and other syllable types
(‘up’, ‘u’, ‘ui’) before mounting (Wang et al., 2008) and during direct
interaction with a female (Yang et al., 2013) whereas they reduce
the number of ‘f calls when the female is removed from the cage
after directly interacting with the male (Hanson & Hurley, 2012;
Yang et al., 2013). However, the RFE also selected the percentage of
‘c2’ used by males mainly during sexual contexts (as cited in Ehret,
2018) and by females during direct interactions (Scattoni et al.,
2011; Hoier, Pfeifle, von Merten, & Linnenbrink, 2016; Matsumoto
& Okanoya, 2018). Vocalizations with multiple frequency jumps
might facilitate individual recognition. Trained laboratory mice can
distinguish between vocalizations that are more spectrally distinct
(e.g. USVs with frequency jumps from spectrally simpler USVs as ‘f’
or ‘up’, Neilans, Holfoth, Radziwon, Portfors, & Dent, 2014). In other
studies, complex vocalizations have been suggested to increase
male mating and reproductive success. Some studies, for example,
reported that females are attracted to playbacks of spectrally
complex USVs (Chabout et al., 2015). Opposite-sex pairs of mice
emitted more ‘up’ and ‘one-jump’ syllables in the early phase of
courtship (and long syllables with multiple jumps were rare),
whereas they emitted more ‘harmonics’ after 15 min, the phase
during which more mountings were observed (Matsumoto &
Okanoya, 2016). Studies on bird vocalizations found that in-
dividuals can use different syllable types for individual recognition
(Elie & Theunissen, 2018) and a higher spectral complexity in vo-
calizations relates to higher quality and reproductive success for
males (Catchpole, 1987; Ballentine, 2004; Garamszegi, 2005).

The ISI, the silence between syllables, and the IBI, the silence
between isolated vocalizations or sequences of vocalizations
(Sueur, 2002; Jain, Diwakar, Bahuleyan, Deb, & Balakrishnan, 2013),
might provide information about the structure and rhythm of the
USV emission (Ravignani et al., 2019). We predicted that mice
emitting few USVs might show higher variability in both parame-
ters than more vocal males, since more USVs are often grouped
within a bout and low vocalizers produced few long bouts in their
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recordings. A study on laboratory mice suggested that the IBI dis-
criminates more vocal from less vocal males and adult males from
pups (Liu, Miller, Merzenich, & Schreiner, 2003). As expected, we
found that males emitting fewer USVs had more variable ISIs and
IBIs than other males. Previous studies on other species showed
that ISI and IBI carry information about individual identity (cited in
Kershenbaum et al, 2016) and are involved in turn-taking
communication between conspecifics (Pika, Wilkinson, Kendrick,
& Vernes, 2018). Together with other time intervals, the ISI is also
reported in studies on mice and other species to determine rhythm
in vocalizations (Castellucci et al., 2018; Ravignani et al., 2019) and
it appears that the intervals between vocalizations are determined
by specific breathing cycles with sequences of vocalizations sepa-
rated by silences of more than 500 ms in mice (Castellucci et al.,
2018).

We also found that the latency to emit the first USV and the
most common syllable types, with both simple and complex
spectral parameters, were often chosen in more than 50% of the
trials by the RFE suggesting that they might be additional candi-
dates for individual signatures as also detected with the PIC. The
latency to the first vocalization might be an additional indicator of
sexual motivation or arousal. The initiation of male vocalizations is
triggered by female stimulation, at least in wild, outbred mice, and
as previously mentioned, high variation in male responsiveness
might be due to differences in sexual motivation. However, we have
no evidence to support these speculations (see Zala et al., 2019).
Since the number of data points we had was similar to the number
of variables that we analysed, we need more recordings to confirm
our findings. More data will improve our ability to identify syllable
types that are most relevant for individual recognition.

We did not find a correlation between the frequency parame-
ters and the percentage of syllable types suggesting that the
repertoire composition does not influence the frequency param-
eters in our recordings. However, syllables with one or more
changes in frequency or with frequency jumps (i.e. percentage of
‘t’, ‘c’ and ‘c3’) correlated with the mean USV length, suggesting
that more complex vocalizations are also longer than simple vo-
calizations. We also found that five of seven individual signatures
showed a strong correlation between weeks 2 and 3 and that four
of seven individual signatures correlated in all 3 weeks. In more
detail, the frequency and temporal parameters (i.e. mean USV
length) and the percentage of ‘d’ correlated between the 3 weeks.
Thus, males did not change their acoustic parameters over time,
but they might have slightly modulated their repertoire compo-
sition and still showed some intraindividual consistency (Appen-
dix Table A13).

Our results raise several questions. First, we showed that male
courtship USVs potentially mediate individual recognition in
house mice, but further studies are needed to test this hypothesis
and to test whether male vocalizations or other secondary sexual
traits mediate individual recognition in other species. In mice,
USVs might mediate individual recognition in social contexts other
than courtship, such as parent—offspring interactions. For our
study, we arbitrarily chose 3 weeks as a sampling time, which is
sufficient to mediate social and sexual interactions involving in-
dividual recognition in house mice in different social contexts:
territory formation by males, courtship and mating (over one to
three oestrous cycles), rearing and weaning offspring are all
important social interactions known to be critical for fitness (e.g.
inter- and intrasexual interactions, parent—offspring recognition,
see Musolf & Penn, 2012; Asaba, Hattori, Mogi, & Kikusui, 2014;
Hoier et al., 2016; Varholick, Bailoo, Palme, & Wurbel, 2018).
Second, our results raise questions about the proximate mecha-
nisms controlling individual variation and consistency in USV
emission (e.g. laryngeal morphology Riede, Borgard, & Pasch,

2017), neuroendocrine control (Asaba et al., 2014; Mills, Dhillo,
& Comninos, 2018) and their heritability (Spence, Aslam, Hofer,
Brunelli, & Shair, 2016). Third, our results provide four spec-
trotemporal features and three candidate vocalizations to explain
individual signatures; however, studies are needed to investigate
other parameters, and especially sequences of syllables or 'syntax’,
which vary between geographical populations of house mice (von
Merten et al., 2014). The order of USVs within a sequence might be
random or not, and with a recording of 100 USVs and 15 syllable
types, we obtain 3!7 possible combinations of sequences ignoring
sequential order, and if we consider the sequential order of the
same USVs, we obtain 4" possible permutations. A previous
study with laboratory mice found a similar temporal order of
syllable types within a song (USV sequence with ISI < 250 ms) in
the presence of female odour and during interaction with a fe-
male, suggesting that songs in the presence of a female or her
scent might produce similar signals (Chabout et al., 2015). Fourth,
studies are needed to test whether USVs together with odour (or
other cues) provide more reliable individual signatures than either
alone. Many species use multimodal signalling during courtship
(Mitoyen, Quigley, & Fusani, 2019), and if multiple sensory mo-
dalities provide particularly robust individual signatures (as sug-
gested for biometric recognition in humans; Jain, 2005; Kumar &
Tiwari, 2019), then they should facilitate individual recognition
(Kulahci, Drea, Rubenstein, & Ghazanfar, 2014). Finally, our results
suggest that USVs are potentially useful for researchers aiming to
identify individual mice during social interactions (Warren et al.,
2018), i.e. individual voice recognition (Latinus & Belin, 2011; Xu
et al, 2013; Budka, Wojas, & Osiejuk, 2015); however, studies
are needed to investigate the stability of individual signatures in
the USVs of mice over longer periods of time and across different
social contexts.

Conclusions

Our results provide the following main novel findings. (1) Most
wild-derived male mice greatly increased the types of syllables, as
well as the numbers of USVs that they emitted, upon encountering
female urinary scent. (2) There was high variation in males' pro-
pensity to vocalize or not, as some males vocalized very little, if at
all, upon encountering female odour (Hoffmann et al., 2012b), and
we found that nonvocalizing was rarely a consistent trait, contrary
to what has been suggested (Hoffmann et al., 2012a; von Merten
et al.,, 2014). It is unclear why males sometimes remain silent, but
our results suggest that the lack of vocal behaviour and respon-
siveness to female odour might be due to poor health or condition.
(3) A striking result from our study and other studies on wild mice,
regardless of the sex, stimulus or social context, is the high inter-
individual variation in USV count (Hoffmann et al., 2012a; von
Merten et al., 2014; Musolf et al., 2015; Zala et al., 2017a), and
among vocalizers, we found that there was high variation in the
number and types of vocalizations emitted. (4) We found individual
consistency in vocalizing rate and syllable types, i.e. most low vo-
calizers remained low using a smaller vocal repertoire, and high
vocalizers usually remained high with a larger vocal repertoire. (5)
Finally, we showed that the vocalizations of wild-derived males
contain individual signatures over 3 weeks. We found greater inter-
than intraindividual variation in USV number and types, and most
of the spectrotemporal features we analysed provide candidates for
individual recognition. The vocalizations of individual males could
be clustered according to their USV count and repertoire size and
composition, and their spectrotemporal features showed individual
signatures using different analytical approaches. Studies are
needed to test whether USVs of house mice are used for individual
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and mate recognition, and whether individual signatures are long
lasting over time and across different contexts.
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APPENDIX
Detection of Individual Signatures: PIC

We conducted an analysis to quantify individual variation and to
determine which parameters provide candidates for individual
signatures, called PIC (potential for individual coding; Favaro et al.,
2015). PIC compares variation within individuals (coefficient of
variation within individuals, CVw) to between-individual variation
(coefficient of variation between individuals, CVb) for each
parameter, and all the parameters with a PIC > 1 are considered to
be candidates for individual signatures. Unlike multivariate ana-
lyses, each parameter was analysed separately and assigned a
distinct PIC score. We could only analyse vocalizing males and
therefore excluded one mouse that never vocalized, one that
vocalized only once and another from which we had USVs only for
week 3. We examined 27 USV parameters and used four different
models. The first and second PIC models sampled 13 mice vocal-
izing in both phases 1 and 2 in all 3 weeks (model 1 and model 2).
We selected the same number of USVs per week and male to have
equal sample sizes. We analysed the first 48 USVs from each mouse
and week (N = 144 USVs per mouse and 48 USVs/week), which was
the minimum number of USVs emitted by the lowest vocalizer in a
week. Model 1 was run with six parameters (minimum frequency,

mean frequency, maximum frequency, frequency bandwidth, ICI
and USV length) calculated separately from each USV. Model 2 was
run with ‘summary’ parameters (N =39 recordings, 13 mice
recorded in 3 weeks) and using 20 parameters, including repertoire
size, percentage of the repertoire composition (i.e. 15 syllable
types), mean ISI and IBI, latency to emit the first USV and total USV
length. We excluded ‘USV count’, as it was the same for all mice
(N = 144). Since we had equal sample sizes in both models (USV
count/mouse and number of recordings/mouse, respectively), we
performed Friedman tests for each parameter to detect individual
variation between weeks and corrected for multiple testing with
FDR using the Benjamini—Hochberg procedure. The third and
fourth models included all 19 males that vocalized in at least one of
the stimulation phases in all 3 weeks (model 3 and model 4). Model
3 included six parameters calculated separately from each of all
recorded USVs (N = 23 414). Model 4 was run on ‘summary’ pa-
rameters from each individual and week (N =57 recordings, 19
mice recorded in 3 weeks) and 21 parameters (the same previous
20 parameters and the USV count). Thus, we performed Friedman
tests for each parameter since we had equal sample sizes (i.e.
number of recordings/mouse), to compare individual variation
between weeks and correct ed with FDR (Benjamini—Hochberg
procedure) for multiple testing. For the ‘summary’ parameters in
models 2 and 4 we calculated the percentages of each syllable type,
the repertoire size, the USV count and the grand mean of the ISI, IBI
and the total USV length for each recording. The ‘nonsummary’
parameters in models 1 and 3 did not require these computational
steps and each USV with its own parameters was included in the
PIC calculation as such.

We ran four different models to present both continuous pa-
rameters related to each USV and the parameters extracted after
performing additional calculations for each recording, which
involved some trade-offs. We could compare models 1 and 3 since
both included ‘nonsummary’ parameters (e.g. minimum, mean and
maximum frequency) and models 2 and 4 which included ‘sum-
mary’ parameters (e.g. USV count, repertoire size, percentage of
syllable types). However, we could not directly compare models
that had the same number of individuals (i.e. models 1 and 2
sampling 13 mice and models 3 and 4 sampling 19 males) since
they belonged to data sets computed in a different way. Models 1
and 3 included thousands of USVs (1872 USVs in model 1 and 23
414 USVs in model 3) and models 2 and 4 included parameters
computed from all the USVs included in each recording (39 re-
cordings in model 1 and 57 recordings in model 4).

Individual Variation in Repertoire Composition: ANOSIM

To examine the repertoire composition for each mouse and
recording day (3 weeks) separately, we conducted an ANOSIM,
comparing the similarity for some variables in one recording within
one mouse with the similarity in the same variables between
different individuals and the other two recordings. We ran 999
permutations and selected the Bray—Curtis dissimilarity as a dis-
tance measure based on ranks. We report the R value to show the
degree of separation between groups (—1<R>1; Clarke &
Warwick, 2001). The Bray—Curtis dissimilarity index was also
included in the NMDS. We report the stress coefficient that relates
the distance matrix to its graphical configuration in two di-
mensions (stress < 0.05 is excellent, but a stress > 0.3 is not reli-
able; Clarke & Warwick, 2001). Closer distances between samples
represent more similarity in the parameters measured (i.e. a male
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with the same USV emission in his three trials should have over-
lapping recordings in the NMDS representation).

Spectrographic Features for Individual Detection: Random Forest

To test all 26 USV parameters previously used in the PIC, we
conducted a random forest analysis and graphed the results
using t-SNE. This algorithm embeds high-dimensional data in a
low-dimensional space (two dimensions in our study) creating
a probability distribution between pairwise multidimensional
objects. Similar multidimensional objects have a higher prob-
ability of being closer to each other than dissimilar objects. A
perplexity value was set at 30 (5 < perplexity <50), a fixed
value to standardize the scaling density of the points that are
reduced in dimensions when multidimensional data are
transferred in a two-dimensional space (van der Maaten &
Hinton, 2008; van der Maaten, 2009). Before running the
models, we ran Spearman correlation matrices to remove
highly correlated parameters for three subsets. Within all
correlated variables, we always kept one of them in the model
(Murdoch & Chow, 1996; Friendly, 2002). For each model, we
implemented the RFE for parameter selection for 10 iterations
and we ran the random forest classifier for another 10 iterations
(for each subset of features selected by the RFE) based on the
acoustic parameters (individual signatures) selected by the RFE
(100 iterations in total). Thus, we calculated the accuracy in
correctly identifying the males based on comparing the random
forest output with the identities of real mice (real labels or
ground truths). For all three models, we selected the grand
mean frequency which was highly correlated with the mean
minimum and maximum frequency. We then ran three different
models with different sample sizes and number of recordings
from the stimulation period (i.e. three recordings when the
entire 10 min of stimulation was used and six recordings when
phase 1 and phase 2 were added separately). The first model
included only males vocalizing in both phases 1 and 2 during
the 10 min odour stimulation and in all 3 weeks (N =13). We
selected the grand mean frequency and the USV count corre-
lated with the total USV length (23 parameters). A second
model included data from phase 1 and phase 2 for the same
males (N = 13) separately. We increased the number of data

points for each individual (from three to six) and improved the
accuracy (by adding more data to the training and test sets in
the random forest classifier); however, this also introduced
pseudoreplication in the data set. As a correlated parameter, we
selected the grand mean frequency (24 parameters). The third
model included all the vocalizing mice (N = 19) in all 3 weeks,
and in at least one of the two phases, of the 10 min stimulation
period (i.e. 3 recordings/male). We selected the grand mean
frequency, the USV count correlated with the total USV length
and the percentage of ‘uc’ correlated with the percentage of ‘us’
(22 parameters). After data reduction, the males' recordings
with the respective parameters were implemented in the
training and test sets. The 'training set' is the data used to
construct a model according to fixed parameters (e.g. individual
IDs and their USV features), whereas the 'test set' is another set
of data, excluded from the training test, that is used to test the
model (e.g. to determine whether the machine accurately
classifies individuals). The training set was run on 67% (two-
thirds) of the data for the 10 min audio files, and on 83% (five-
sixths) of the data for the same recordings treated separately
for phase 1 and phase 2. The remaining files, 33% (one-third) for
the 10 min audio files and 17% (one-sixth) for the 5 min re-
cordings, were used for the test set to determine whether these
files were correctly assigned to the corresponding individual
according to the parameters established during the training set.
In the whole classification model, the random forest classifier
assigned the sound files to the mice (classification process). At
the end of the test, the accuracy values showed the model
performance. To calculate the model accuracy, RFE was applied
using 10 iterations. At each iteration, the random forest clas-
sifier was applied 10 times and the final accuracy was calcu-
lated as the average over all accuracies at all iterations
(10 x 10 =100 iterations). Thus, the accuracy value was based
on the random forest classifier output compared with the
ground truths (the real data).

Results

Table A1
Comparison of USV emission between the different phases of each trial within each week
Hp: phases0 =1 =2 Friedman test Friedman pairwise comparison FDR (BH)
X2 Phases P adjusted
Week 1 USV count 20.88 < 0.001 0 versus 1 0.003
1 versus 2 0.366
0 versus 2 < 0.001
Repertoire size 22.03 < 0.001 0 versus 1 0.002
1 versus 2 0.451
0 versus 2 < 0.001
Week 2 USV count 16.91 < 0.001 0 versus 1 0.001
1 versus 2 0.498
0 versus 2 0.005
Repertoire size 14.00 0.001 0 versus 1 0.006
1 versus 2 0.763
0 versus 2 0.008
Week 3 USV count 20.68 < 0.001 0 versus 1 < 0.001
1 versus 2 0.940
0 versus 2 0.001
Repertoire size 22.14 < 0.001 0 versus 1 < 0.001
1 versus 2 0.821
0 versus 2 < 0.001

‘Phases’ indicates which phases are used for post hoc comparisons (N = 22). Results are corrected for multiple testing (P adjusted) with false discovery rate (FDR) using the

Benjamini—Hochberg procedure (BH). All significant P values are in bold.
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Table A2 Table A4
Comparison of USV emission between the phases of each trial Comparison of USV emission between the weeks and within each phase
Ho: phases0 =1 =2  Friedman test Friedman pairwise  FDR (BH) Ho: weeks 1 =2 =3 Phase Friedman test
Comparison 2 p
2 -
X P Phases P adjusted USV count 0 545 0.065
USV count 28.99 < 0.001 0 versus 1 < 0.001 1 0.10 0.950
1 versus 2 0.940 2 0.33 0.850
0 versus 2 < 0.001 Repertoire size 0 4.95 0.084
Repertoire size 28.61 < 0.001 0 versus 1 < 0.001 1 0.59 0.744
1 versus 2 0.546 2 0.18 0.912
0 versus 2 < 0.001

Friedman tests were performed on the grand mean of each variable (USV count and
repertoire size) for each individual over 3 weeks. ‘Phases’ indicates which phases are
used for post hoc comparisons (N = 22) and FDR (false discovery rate) was used to
correct for multiple testing (P adjusted) using the Benjamini—Hochberg procedure

(BH). All significant P values are in bold.

Table A3

N = 22. P values <0.1 for USV count and repertoire size during phase 0 are in bold.

Comparison of repertoire composition between the phases of each trial and within each week

Week Syllable type Friedman test FDR Friedman pairwise comparison Post hoc comparing phases
(BH)
2 P P adjusted Phases P
BH corrected
1 s 8.00 0.018 0.018 NS
f 17.16 < 0.001 < 0.001 0 versus 1 0.015
0 versus 2 0.003
d 9.71 0.008 0.009 0 versus 1 0.03
up 23.76 < 0.001 < 0.001 0 versus 1 < 0.001
0 versus 2 0.002
u 21.34 < 0.001 < 0.001 0 versus 1 0.045
0 versus 2 < 0.001
ui 20.41 < 0.001 < 0.001 0 versus 1 0.003
0 versus 2 0.005
c 18.03 < 0.001 < 0.001 0 versus 1 0.012
0 versus 2 0.003
c2 18.33 < 0.001 < 0.001 0 versus 1 0.008
0 versus 2 0.003
c3 17.23 < 0.001 < 0.001 0 versus 1 0.024
0 versus 2 0.009
uh 5.36 0.069 NS
2 f 13.90 0.001 0.002 0 versus 1 0.015
0 versus 2 0.024
d 15.16 0.001 0.002 0 versus 1 0.009
0 versus 2 0.036
up 13.37 0.001 0.002 0 versus 1 0.009
0 versus 2 0.024
u 15.26 < 0.001 < 0.001 0 versus 2 0.009
ui 16.59 0.001 0.002 0 versus 1 0.009
0 versus 2 0.024
c 8.34 0.015 0.015 NS
c2 12.04 0.002 0.003 0 versus 1 0.044
0 versus 2 0.044
c3 12.33 0.002 0.003 0 versus 2 0.048
h 9.91 0.007 0.008 NS
uc 5.28 0.071 NS
3 f 14.80 0.001 0.002 0 versus 1 0.015
0 versus 2 0.006
d 5.54 0.063 NS
u 10.92 0.004 0.005 0 versus 1 0.036
0 versus 2 0.036
ui 13.21 0.001 0.002 0 versus 1 0.009
c 7.09 0.029 0.029 NS
c3 1433 0.001 0.002 0 versus 1 0.021
c4 4.93 0.085 NS
h 4.65 0.098 NS

Only syllable types showing significant differences or trends between phases are reported. ‘Phases’ indicates which phases are used for post hoc comparisons (N = 22) and FDR
(false discovery rate) was used to correct for multiple testing (P adjusted) using the Benjamini—Hochberg procedure (BH). All significant P values are in bold.
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Table A5
Comparison of repertoire composition between the weeks and within each phase
Ho: weeks 1 =2 =3 Syllable type Friedman test FDR Post hoc
(BH) comparing weeks
%2 P P adjusted P
BH corrected
Phase 0 up 6.93 0.031 0.047 NS
c2 10.40 0.006 0.018 NS
ui 5.60 0.061
Phase 1 uc 6.19 0.045 NS NS
2 5.18 0.075
Phase 2 up 7.43 0.024 NS NS
us 4.62 0.099
s 4.78 0.092
c 5.45 0.065

Results are reported only for significant values and trends (N = 22). Post hoc comparisons between weeks were run on significant values (BH corrected). False discovery rate
(FDR) was used to correct for multiple testing (P adjusted) using the Benjamini—Hochberg procedure (BH). Significant P values are in bold.

Table A6
Relationship between USV count and repertoire size within each phase and week
Phase Week Spearman rank correlation FDR (BH)
R? Ts jd P adjusted
0 1 0.93 1.00 < 0.001 < 0.001
2 0.86 0.99 < 0.001 < 0.001
3 0.92 0.99 < 0.001 < 0.001
1 1 0.95 0.88 < 0.001 < 0.001
2 0.92 0.90 < 0.001 < 0.001
3 0.87 0.86 < 0.001 < 0.001
2 1 0.89 0.75 < 0.001 < 0.001
2 0.94 0.93 < 0.001 < 0.001
3 0.84 0.92 < 0.001 < 0.001
1+2 1 0.89 0.74 < 0.001 < 0.001
2 0.90 0.82 < 0.001 < 0.001
3 0.87 0.89 < 0.001 < 0.001

N = 22. Phase 1 + 2 indicates the entire 10 min stimulation period. False discovery
rate (FDR) correction for multiple testing using the Benjamini—Hochberg procedure
(BH) was applied to each phase (P adjusted). Significant P values are in bold.

Table A7
Relationship between weeks in each phase to show individual consistency in USV
count and repertoire size over time

Parameter Phase Weeks Spearman rank FDR (BH)
correlation
R? rs P P adjusted
USV count 0 1versus2 0.00 0.32 0.157
2versus 3  0.11 0.50 0.018 NS
1versus3 <0.001 0.07 0.768
1 1versus2 042 0.76 <0.001 < 0.001
2versus 3 0.51 0.68 <0.001 < 0.001
1versus3 0.20 0.51 0.016 0.016
2 1versus2 042 0.65 0.001 0.001
2 versus 3 047 0.78 <0.001 < 0.001
1versus3 0.16 0.52 0.012 0.012
Repertoire size 0 1versus2 0.01 0.32 0.147
2versus3 0.38 048 0.023 NS
1 versus3 0.04 0.09 0.707
1 1versus2 0.70 0.84 <0.001 < 0.001
2 versus 3 0.39 0.53 0.012 0.012
1versus3 0.33 0.55 0.009 0.012
2 Tversus2 0.31 0.39 0.071
2 versus 3 0.66 0.72 < 0.001 < 0.001
1versus3 0.15 0.25 0.255

N =22. False discovery rate (FDR) correction for multiple testing using the
Benjamini—Hochberg procedure (BH) was applied to each phase (P adjusted). Sig-
nificant P values are in bold.

Table A8
Relationship of USV emission between the first and second half of the stimulation
period (phases 1 and 2) in each trial

Parameter Week Spearman rank correlation FDR (BH)
R? rs P P adjusted

USV count 1 0.60 0.86 < 0.001 < 0.001

2 0.55 0.88 < 0.001 < 0.001

3 0.73 0.92 < 0.001 < 0.001
Repertoire size 1 0.82 0.79 < 0.001 < 0.001

2 0.83 0.82 < 0.001 < 0.001

3 0.80 0.84 < 0.001 < 0.001

N =22. False discovery rate (FDR) correction for multiple testing using the
Benjamini—Hochberg procedure (BH) was applied to each phase (P adjusted). Sig-
nificant P values are in bold.
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Table A9
Potential individual coding (PIC) for USV parameters over 3 weeks (10 min of stimulation)

Model No. of Data set Parameter Mean CVw + SD CVb PIC Friedman test FDR (BH)

mlfe (no. of No. of USVs or recordings 7 P P adjusted

parameters)

Model 1

N=13 N = 1872 USVs Frequency parameters

(6) Frequency bandwidth (kHz) 78.03 + 20.02 80.35 1.03 329.42 < 0.001 < 0.001
Maximum frequency (kHz) 19.76 + 22.50 16.09 0.81 416.19 < 0.001 < 0.001
Minimum frequency (kHz) 20.10 + 22.53 15.97 0.79 356.38 < 0.001 < 0.001
Mean frequency (kHz) 18.26 + 22.91 14.26 0.78 503.19 < 0.001 < 0.001
General parameters
ICI (ms) 295.87 + 127.78 457.79 1.55 129.61 < 0.001 < 0.001
USV length (ms) 50.46 + 18.40 50.79 1.01 339.46 < 0.001 < 0.001

Model 2

N=13 N = 39 recordings Percentage of syllable types

(20) (3 recordings/mouse) Perc.c5 141.67 = 0.00 616.44 4.35 12.00 0.446
Perc.uh 118.06 + 33.39 392.17 3.32 16.51 0.169
Perc.c4 125.68 + 22.61 330.74 2.63 16.68 0.162
Perc.uc 127.41 + 24.44 324.11 2.54 15.95 0.193
Perc.h 119.60 + 28.79 256.58 2.15 16.20 0.182
Perc.c3 96.39 + 36.45 194.70 2.02 24.96 0.015 0.022
Perc.up 18.22 + 2431 36.49 2.00 31.18 0.002 0.015
Perc.ui 57.03 + 28.40 102.58 1.80 27.28 0.007 0.019
Perc.us 120.60 + 30.44 209.63 1.74 11.41 0.494
Perc.c2 81.85 + 40.93 133.92 1.64 20.37 0.060
Perc.c 107.40 + 42.96 17045 1.59 19.50 0.077
Perc.d 63.41 + 32.34 90.92 1.43 24.84 0.016 0.022
Perc.u 79.23 + 41.59 109.14 1.38 23.04 0.027 0.033
Perc.s 94.00 + 44.13 125.80 1.34 18.44 0.103
Perc.f 59.53 + 38.26 78.07 1.31 21.51 0.043 0.043
General parameters
IBI (ms) 33.08 + 14.87 93.99 2.84 29.28 0.004 0.015
ISI (ms) 6.54 + 2.85 16.77 2.57 26.29 0.010 0.022
Repertoire size 12.27 +9.76 29.29 2.39 29.96 0.003 0.015
Total USV length (ms) 10.68 + 7.59 24.82 2.32 25.36 0.013 0.022
Latency to first USV (s) 30.87 + 14.79 51.69 1.67 22.33 0.034 0.037

Model 3

N=19 N =23 414 USVs Frequency parameters

(6) Maximum frequency (kHz) 14.50 + 3.39 16.26 1.12 Highly unequal sample sizes
Mean frequency (kHz) 12.76 + 3.82 13.92 1.09 (not possible to compute Friedman
Minimum frequency (kHz) 15.30 + 4.50 15.69 1.03 tests for validation)
Frequency bandwidth (kHz) 94.99 + 57.44 76.20 0.80
General parameters
ICI (ms) 361.86 + 137.78 517.53 1.43
USV length (ms) 48.56 + 13.83 46.37 0.95

Model 4

N=19 N = 57 recordings Percentage of syllable types

(21) (3 recordings/mouse) Perc.h 121.12 + 50.21 494.96 4.09 29.99 0.038 0.038
Perc.c5 180.28 + 10.41 514.80 2.86 25.89 0.102
Perc.us 108.02 + 53.25 306.62 2.84 26.35 0.092
Perc.uh 132.02 + 44.38 344.90 2.61 33.24 0.016 0.017
Perc.c 103.49 + 71.22 227.15 2.20 42.93 0.001 0.003
Perc.c4 174.17 + 31.70 362.02 2.08 25.37 0.115
Perc.uc 152.09 + 41.68 284.11 1.87 22.88 0.195
Perc.s 89.64 + 49.96 165.02 1.84 19.02 0.390
Perc.c3 105.62 + 51.08 180.75 1.71 38.12 0.004 0.008
Perc.d 67.40 + 60.64 111.13 1.65 45.30 <0.001 <0.001
Perc.f 66.29 + 64.43 104.98 1.58 37.30 0.005 0.009
Perc.c2 94.05 + 56.42 148.37 1.58 36.53 0.006 0.009
Perc.ui 73.34 + 57.98 108.46 1.48 35.46 0.008 0.011
Perc.u 68.94 + 54.89 96.22 1.40 40.51 0.002 0.005
Perc.up 48.29 + 56.96 51.11 1.06 36.29 0.006 0.009
General parameters
IBI (ms) 68.44 + 41.58 228.82 3.34 38.78 0.003 0.007
Latency to first USV (s) 49.24 + 22.99 105.60 2.14 41.22 0.001 0.003
ISI (ms) 19.15 + 27.34 34.95 1.83 33.28 0.015 0.017
Repertoire size 35.84 + 37.92 43.49 1.21 33.76 0.013 0.016
Total USV 85.23 + 55.07 102.18 1.20 42.46 0.001 0.003
length (ms)
USV count 81.75 + 52.31 90.54 1.11 42.34 0.001 0.003

We analysed 26 parameters for a subset of mice vocalizing in phases 1 and 2 (N = 13) and 27 parameters for all vocalizing mice (N = 19). The coefficients for within-individual
variation (CVw) and between-individual variation (CVb) and the PIC (CVw/CVDb) are shown for each variable and for the acoustic parameters in each category (i.e. frequency
parameters, percentage of syllable types and general parameters) from the highest to the lowest PIC. ICI = intercall interval; IBI = interbout interval; ISI = intersyllable in-
terval. False discovery rate (FDR) correction for multiple testing using the Benjamini—Hochberg procedure (BH) was applied after Friedman tests (x2, P) to analyse differences
between individuals for significant parameters (P adjusted). We were not able to run any Friedman test for model 3 due to highly unequal sample sizes in USV counts between
mice (113276 USVs) in 3 weeks. Significant P values are in bold.
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Table A10
Candidates for individual signatures after RFE (recursive feature elimination based on the random forest classifier) with different sample sizes
File duration (min) No. of parameters Parameters Parameters Parameters Accuracy
(no. of individuals) 100% trials > 50% trials 50% trials (%)
10 23 GrandFmean MeanLength Latency to first USV 86
(13) MeanFband Percentage of up, d, u, ui, c and ¢3
ISI
Percentage of f and c2
5+5 24 GrandFmean ISI USV count 89
(13) MeanFband Percentage of ¢, h and uc totalLength
MeanLength IBI
Percentage of up, f, d, u, ui, c2 and c3 percentage of c4
10 22 GrandFmean MeanFband USV count 56
(19) Percentage of d and f MeanLength Percentage of up
ISI

Latency to first USV

Percentage of u, ui, ¢, c2 and ¢3

The acoustic parameters chosen during all 10 iterations (100%), in more than five iterations (>50%) or in five iterations (50%) and the respective accuracy values are shown. The
RFE and the random forest classifier were run on three different subsets of mice and sound files (see Methods). GrandFmean = grand mean frequency, meanFband = mean
frequency bandwidth, meanLength = mean USV length, total Length = sum of the lengths of all USVs in one sound file, ISI = intersyllable interval, IBI = interbout interval.

Table A11
Interindividual variation for frequency parameters over 3 weeks

Group Parameter Mean + SD Friedman test
v P

Usually vocal ~ Grand mean frequency 60.74 + 13.29 36.27 0.007

Mean frequency bandwidth  10.82 + 5.55 42.13 0.001

Always vocal ~ Grand mean frequency 57.77 + 4.79 33.58 0.001

Mean frequency bandwidth  12.18 + 4.05 31.69 0.002

Comparison of the frequency parameters (grand mean frequency and mean fre-
quency bandwidth) between individuals calculated on 3 recordings/mouse. Usually
vocal: all mice vocalizing during stimulation in at least one of the two phases
(N =19); always vocal: mice that vocalized in both phases 1 and 2 during stimu-
lation and over the 3 weeks (N = 13). Significant P values are in bold.

Table A12
Relationship between the percentage of syllable type and the mean USV length
within each week

Parameter Week Spearman rank correlation FDR (BH)
(% syllable type) R? rs P P adjusted
u 1 0.26 0.48 0.038 0.038

2 0.32 0.65 0.003 0.009

3 0.15 0.52 0.022 0.033
c 1 0.07 0.48 0.039 0.039

2 0.35 0.65 0.003 0.009

3 0.13 0.59 0.008 0.012
c3 1 0.11 0.41 0.078

2 0.09 0.54 0.017 0.017

3 0.25 0.71 0.001 0.002

The correlation coefficient (R?) between the repertoire composition (percentage of
syllable types) and the USV length is shown for each significant syllable type or
trend. False discovery rate (FDR) correction for multiple testing using the
Benjamini—Hochberg procedure (BH) was applied to each parameter (P adjusted).

Significant P values are in bold.
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Table A13
Relationship between weeks to show individual consistency in individual signatures
Parameter Correlation Weeks R? Correlation P FDR (BH)
Method coefficient -
P adjusted
Grand mean frequency Spearman 1 versus 2 0.01 0.46 0.047 0.047
2 versus 3 0.44 0.65 0.003 0.005
1 versus 3 0.02 0.72 < 0.001 < 0.001
Mean frequency bandwidth Pearson 1 versus 2 0.05 0.21 0.378
2 versus 3 0.65 0.80 < 0.001 < 0.001
1 versus 3 0.08 0.28 0.247
Spearman 1 versus 2 0.05 0.57 0.011 0.011
2 versus 3 0.65 0.85 < 0.001 < 0.001
1 versus 3 0.08 0.60 0.006 0.009
Percentage of f Pearson 1 versus 2 0.09 0.29 0.222
2 versus 3 0.02 0.13 0.605
1 versus 3 0.37 0.61 0.005 0.015
Spearman 1 versus 2 0.09 0.37 0.120
2 versus 3 0.02 0.41 0.080
1 versus 3 0.37 0.83 < 0.001 < 0.001
Percentage of d Spearman 1 versus 2 0.50 0.70 0.001 0.002
2 versus 3 0.71 0.93 < 0.001 < 0.001
1 versus 3 0.54 0.64 0.003 0.003
Percentage of c2 Spearman 1 versus 2 0.23 0.47 0.042 0.042
2 versus 3 0.62 0.79 < 0.001 < 0.001
1 versus 3 0.32 0.29 0.237
Percentage of up Spearman 1 versus 2 0.14 0.36 0.132
2 versus 3 0.56 0.67 0.002 0.006
1 versus 3 0.2 0.49 0.032 0.048
ISI Spearman 1 versus 2 0.14 0.62 0.005 0.015
2 versus 3 0.18 0.23 0.355
1 versus 3 0.09 0.43 0.065
Mean USV length Pearson 1 versus 2 0.41 0.64 0.003 0.005
2 versus 3 0.72 0.85 < 0.001 < 0.001
1 versus 3 0.34 0.58 0.009 0.009
Spearman 1 versus 2 0.41 0.60 0.007 0.007
2 versus 3 0.72 0.85 < 0.001 < 0.001
1 versus 3 0.34 0.66 0.002 0.003

The table includes parameters chosen as individual signatures by the recursive feature elimination based on the random forest classifier (N = 19) and the percentage of ‘up’.
Correlations between weeks are shown for each parameter and phase. Spearman rank correlation coefficients: rs and R?; Pearson correlation coefficients: r and R2. False
discovery rate (FDR) correction for multiple testing using the Benjamini—Hochberg procedure (BH) was applied to each parameter (P adjusted). Significant P values are in bold.
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Figure A1l. Repertoire composition before and during sexual stimulation and over 3 weeks. The pie charts show differences in repertoire composition of USVs to compare the
different types of vocalizations emitted before versus during odour stimulation (phase 0 versus phase 1) and over the 3 weeks (N = 22 individual males). The syllable types are
presented on the pie graphs in the same order and colour as shown in the legend (e.g. ‘d’ is shown in orange and is always followed by ‘up’ in light blue). Results from phase 2 are
not shown, because they do not differ from those of phase 1. See Appendix Table A3 for statistical analyses.
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Figure A2. Interindividual variation in repertoire size before and during sexual stimulation. Repertoire size is shown during (a, b, c) phase 0 and (d, e, f) phase 1 in (a, d) week 1, (b,
e) week 2 and (c, f) week 3 (N = 22). The same letter and colour correspond to the same individual (replicate). Two mice did not vocalize at all over the 3 weeks (replicates i and q).
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N = 22). Correlations for the other 2 weeks are not shown. See Appendix Table A8 for statistical analyses.
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Figure A4. Individual variation in USV grand mean frequency and frequency bandwidth during stimulation. (a) The grand mean frequency and (b) the mean frequency bandwidth
during the 10 min stimulation period from 3 recordings/mouse (N = 19). Note that (a) and (b) have different y-axes. Box plots display the median, interquartile ranges (25th and
75th percentile) and 95% confidence interval (whiskers). The same number and colour correspond to the same individual. Individuals are ranked according to the interindividual
variation (standard deviation) in the USV count. See Appendix Table A11 for statistical analyses.
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Figure A5. Individual variation in intersyllable and interbout interval. (a) The mean intersyllable interval and (b) the mean interbout interval for each male during the 10 min
stimulation period and over 3 weeks (N = 19). Box plots display the median, interquartile ranges (25th and 75th percentile) and 95% confidence interval (whiskers). The same
number and colour correspond to the same individual. Individuals are ranked according to the interindividual variation (standard deviation) in the USV count. See Appendix

Table A9 for statistical analyses.
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1 | INTRODUCTION

Maria Adelaide Marconi? |

Maria Luisa Scattoni? | Laura Ricceri®

Abstract

Mice produce ultrasonic vocalizations (USVs) in different social contexts across
lifespan. There is ethological evidence that pup USVs elicit maternal retrieval and
adult USVs facilitate social interaction with a conspecific. Analysis of mouse vocal
and social repertoire across strains, sex and contexts remains not well explored. To
address these issues, in inbred (C57BL/6, FVB) and outbred (CD-1) mouse strains, we
recorded and evaluated USVs as neonates and during adult social encounters (male-
female and female-female social interaction). We showed significant strain differ-
ences in the quantitative (call rate and duration of USVs) and qualitative vocal
analysis (spectrographic characterization) from early stage to adulthood, in line with
specific patterns of social behaviors. Inbred C57BL/6 mice produced a lower number
of calls with less internal changes and shorter duration; inbred FVB mice displayed
more social behaviors and produced more syllables with repeated internal changes;
outbred CD-1 mice had an intermediate profile. Our results suggest specific vocal sig-
natures in each mouse strain, thus helping to better define socio-communicative pro-
files of mouse strains and to guide the choice of an appropriate strain according to

the experimental settings.

KEYWORDS
development, mouse communication, neonatal behavior, social interaction, vocal repertoire

suggested that neonatal USVs played an important role in vocal com-

munication.* Although functional significance of such vocalizations

Ultrasonic vocalizations (USVs) by laboratory mice have been col-
lected and deeply analyzed in different contexts during the early
phases of postnatal development and at adulthood.

During the neonatal stages, USVs are emitted when pups are iso-
lated from the nest to gain their mother's attention.® These calls are
defined “isolation-induced USVs” and have been extensively charac-
terized. The rate of emission follows a clear ontogenetic profile,
peaking during the first postnatal week and then decreasing to zero
when pups are 2-week old.>® Since their first description it was

has been debated,>® there is sound ethological evidence that pup
USVs elicit maternal orientation/approach and retrieval.>”~? Previous
data suggested that mother's genotype or strain and maternal respon-
siveness (an index of mother's solicitude towards pups in a potentially
dangerous situation) can affect neonatal USV emission.° It is likely
that pups' behavioral changes are expressed in parallel to mother's
behavior.

USVs have been also detected in adolescent mice of both sexes
after weaning, during a social interaction paradigm (consisting of

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any
medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
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5-days social housing and one-day social isolation between behavioral
tests'?), as well as in mice exposed to an anesthetized female.*?

In adult mice, emission of USVs has been primarily reported in
reproductive contexts, with males being responsible of most of the

calls, 314

although females have been recently shown to actively par-
ticipate to the vocal interaction, but with a lower number of USVs
when compared with males' vocalization rate.’>"” A short or long
exposure to either a female partner (previous socio-sexual or repro-
ductive experience) or to female urine induces a clear USV response
in adult male mice.'®1418-23 The quantitative analysis performed by
Holy and Guo in 2005 illustrated for the first time that the male USVs
are characterized by temporal sequences and that they are specific for

each individual.??

More recent studies based on analyses of spectral
parameters and temporal sequences on USVs highlighted the individ-
ual signatures in both pup and adult mice.?*"2?” The production of
USVs during adult female-female mouse encounters is also a sound
phenomenon?®: resident female mice during encounters with a female
intruder emit a large number of USVs, at rates comparable to those of
the male-female interaction.?’ These female calls, that only occur dur-
ing resident-intruder interactions in laboratory conditions, contribute
to the establishment of female social dominance hierarchies,?® but
may also serve to enhance physical proximity and enable social infor-
mation gathering.*”?83%31 Both pup and adult mice emit USVs to
communicate with each other and to convey their emotional state.

Whereas the earlier studies initially provided only quantitative
data (primarily rate of USV emission and duration), in the last years
qualitative analyses had been also carried out. Several categorizations
of the spectrographic appearances of the calls have been proposed,
some of which share some basic principles.?*?*® Following pivotal
works, USV categorization has been used as a biomarker to identify
qualitative alterations of the vocal repertoire in different mouse
models of neurodevelopmental disorders. USV categorizations have
been explored in both neonates and adult subjects modeling socio-
communicative deficits, including autism spectrum disorders.}>*
Recent USV data from different mouse strains are also available, so
far limited to early phases of postnatal development (first 2-3 weeks
of postnatal life).213>3¢ Together with previous data on cross foster-
ing at birth®” or embryo transfer procedure,® these data indicate that
USV production and their acoustic variations are subjected to genetic
and background control.*?° Crucially, differences in USV emission
have been detected even between mouse substrains, such as
C57BL/6N and C57BL/6J.38 The embryo transfer study showed that
the difference between C57BL/6J OlaHsd and C57BL/6N Crl in USV
rate was primarily dependent on the dyadic interaction between
mother and pup.3®

Aim of our study was to evaluate vocal repertoire in three com-
mon mouse strains (C57BL/6, FVB and CD-1) in both males and
females, at two developmental stages (neonatal and adult), as for adult
subjects in two different social contexts (male-female and female-
female interaction) known to elicit maximal vocalization rates in labo-
ratory settings. In adult testing, the social investigation was also
recorded to obtain a more complete picture of the social responses in
these three strains. We selected the inbred strain C57BL/6 since it is

the commonest background for genetically modified lines and widely

used in mouse phenotyping studies; the inbred strain FVB since it is
considered highly social and some features (i.e., albinism, litter and
body size) render it an ideal control for outbred strains; and CD1 as
the commonest mouse outbred strain, extensively used in neurosci-
ence, neuropharmacology and neurotoxicology studies. The choice of
C57BL/6 substrains is a critical issue in experimental designs dealing
with genetically modified mouse lines, since several behavioral pheno-
typic differences have been reported among mouse substrains.2841:42
We selected the C57BL/6N substrain that has been less characterized
in previous studies and it is becoming increasingly popular because of
large initiatives like the International Knockout Mouse Consortium
(IKMC, https://www.mousephenotype.org/).

We hypothesized differences between inbred and outbred mouse
in: 1) USV emission in both pups and adults; 2) social responses in adults;

3) qualitative USV patterns with the effect of age and social context.

2 | MATERIALS AND METHODS

21 | Animals and housing

C57BL/6N (inbred, hereinafter B6), FVB/NHan™Hsd (inbred, herein-
after FVB) and CD-1 (outbred) breeding pairs were purchased from
Harlan Laboratories (S. Pietro al Natisone, Italy) and bred in our mouse
facility. Mice were housed on a reversed 12:12h light: dark cycle
(lights on at 19:00 h) in standard wire-topped polycarbonate cages ages
(83 cm x 13 cm x 14 cm) with sawdust bedding and water and food
(DP/1000, Altromin-Rieper, Vandoies-BZ, Italy) ad libitum. Temperature
was maintained at 21 + 1°C, and relative humidity at 60 + 10%. Females
were individually housed and subsequently daily inspected for pregnancy
and delivery 10 days after mating. The day of birth was considered as
postnatal day (pnd) O. Pups were tattooed on the paw with animal tattoo
ink (Ketchum permanent Tattoo Inks green paste, Ketchum Manufactur-
ing Inc., Brockville ON Canada) by subcutaneous injection (30G needle)
into paw plantar surface. The procedure was performed at 2 days of age,
immediately after behavioral testing.

Subject mice for adult social interaction tests were weaned into
cages of same sex pairs. After weaning on postnatal day 21, each ani-
mal was socially housed with two same-sex partners per cage. Mice
were 2-month-old B6 (N = 12 males and 12 females), FVB (N = 12
males and 12 females) and CD1 (N = 12 males and 12 females) when
tested for social interaction tests. Behavioral testing was always con-
ducted between 9.30 and 13.30 h, during the dark phase of the circa-
dian cycle, under red light.

All procedures were conducted in compliance with the European
Communities guidelines (EC Council Directive 63/2010), Italian legis-
lation on animal experimentation (DL 26/2014).

2.2 | Ultrasonic vocalizations in pups

Tested litters contained more than seven pups. Within each litter, one
male and one female underwent behavioral testing: B6 (N = 8 males
and 8 females), FVB (N = 10 males and 10 females) and CD-1 (N = 10
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males and 10 females). The remaining pups (not tested as neonates)
were pooled at weaning and assigned to adult social interaction tests
(described in the following sections), as well as to other experimental
designs (i.e., USV playback studies). Ultrasonic vocalization, body
weight, and body temperature of pups were measured at pnd 2, 4,
6, 8, and 12. These pnds were chosen to be in accordance with previ-
ous studies focused on the ontogenetic profile of USV emission in
inbred and outbred mouse strains.2¢*344 On each day of testing, the
pup was placed into an empty glass container (diameter, 5 cm; height
10 cm), located inside a sound-attenuating styrofoam box, in a room
under red light, and assessed for ultrasonic vocalizations during a
3-min test. At the end of the recording session, each pup was
weighed, and its axillary temperature measured by gentle insertion of
the thermal probe in the skin pocket between upper foreleg and chest
of the animal for about 30s (Microprobe digital thermometer with
mouse probe, Stoelting Co., IL). When the pup was returned to the
nest, the mother and littermates were present.

An Ultrasound Microphone (Avisoft Ultra Sound Gate condenser
microphone capsule CM16, Avisoft Bioacoustics, Berlin, Germany)
sensitive to frequencies of 10-180 kHz was placed through a hole in
the middle of the cover of the styrofoam sound-attenuating box,
about 20 cm above the pup in its plastic container. Room temperature
was maintained at 22 + 1°C. Vocalizations were recorded using Avi-
soft Recorder software (Version 3.2). Settings included sampling rate
at 250 kHz; format 16 bit.

2.3 | Adult social interaction tests

Within each strain, 2-month-old mice (not previously tested as neo-
nates, to exclude any potential confounders on adult behavior) were
evaluated in two different social interactions: 1) male-female
(N = 12); 2) female-female (N = 12). Male and female mice were
weighed the same day of the test (mean+ SD of Bé, FVB and CD-1
males are respectively: 21.93+1.44; 2558+1.39; 33.51+1.64;
mean = SD of B6, FVB and CD-1 females are respectively: 19.25 +
0.62, 20.0 +0.98, 24.55 +1.43). Behavioral tests were conducted
under red light, videotaped using a Panasonic monochrome CCD cam-
era and subsequently analyzed with Observer 10XT software (Noldus
Information Technology, NL). The cage contained sawdust (1.5-cm
deep) and the lid was removed during the test.

For a 3-min session of female-female interaction test, an unfamil-
iar stimulus mouse was placed into the home cage of a subject mouse
who had resided in the cage for the previous 5 days without enrich-
ment materials. In the male-female interaction test, a group-housed
male was used as subject mouse and the 3-minute test session was
conducted in a clean cage with clean bedding (1.5-cm deep sawdust
layer), representing a novel situation for both male subject and female
partner. The videocamera was mounted facing the side of the cage to
record the session for subsequent scoring of social investigation
parameters. The ultrasonic microphone (same as in pup vocalization
experiment) was mounted 20 cm above the floor of the cage to record

the session.

and Behavior

Stimulus mice were matched to the subject mice by strain, sex,
age, and body weight. Stimulus mice were bred in our colony as
described above, and maintained in social groups of three per cage.
On the day of male-female testing, the vaginal estrous condition of
each stimulus female was assessed as previously described.*> Only
females in estrus were selected for the test. A total of 72 stimulus
mice (N = 24 for each strain) were employed.

Social interactions were scored from the videotapes for the fre-
quencies and durations of the following behavioral responses per-
formed by the subject mouse: anogenital sniffing (direct contact with
the anogenital area), body sniffing (sniffing or snout contact with the
flank area), nose to nose sniffing (sniffing or snout contact with the
head/neck/mouth area), locomotor activity by line crossings, rearing
up against the wall of the home cage, digging in the bedding, and
grooming (self-cleaning, licking any part of its own body). Vocaliza-
tions were recorded using Avisoft Recorder software version 3.2. Set-

tings included sampling rate at 250 kHz; format 16 bit.

2.4 | Ultrasonic vocalization analysis

For acoustical analysis, recordings collected from pups and adults
were transferred to Avisoft SASLab Pro (Version 4.40) and a fast Fou-
rier transformation (FFT) was conducted as previously described.*®
Spectrograms from pup vocalizations were generated with an FFT-
length of 1024 points, while adult vocalizations requested spectro-
grams with an FFT-length of 512 points and a time window overlap of
75% (100% Frame, Hamming window). The spectrogram was pro-
duced at a frequency resolution of 488 Hz and a time resolution of
1 ms. A lower cut-off frequency of 20 kHz was used to reduce back-
ground noise outside the relevant frequency band to O dB. Parameters
analyzed for each test day included number of calls, duration of calls,
qualitative and quantitative analyses of sound frequencies measured
in terms of frequency and amplitude at the maximum of the spectrum.

Start times for the video and audio files were synchronized during
social encounters. However, it was not possible to synchronize scor-
ing of behaviors with calls using the currently available recording tech-
nology. The software used for the behavioral (Noldus, Observer X)
and spectrographic (Avisoft Bioacoustics, Avisoft SASLabPro version
4.40) analyses cannot be combined on the same screen because they
proceed with different speeds: behavioral events occurred in a time
frame of seconds whereas vocalizations occurred in a time frame of
milliseconds.

Waveform patterns of calls for pups and adults were examined in
depth in the sonograms collected from each subject tested. Each call
was identified as one of nine distinct categories, based on internal
pitch changes, lengths, and shapes, as described below: 1) Complex
calls displayed one component containing two or more directional
changes in pitch, each 26.25 kHz; 2) Two-component calls consisted
of two components: a main call (flat or downward) with an additional
punctuated component towards the end; 3) Upward-modulated calls
exhibited a continuous increase in pitch that was 212.5 kHz, with a

terminal dominant frequency at least 6.25 kHz more than the pitch at
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the beginning of the vocalization; 4) Downward-modulated calls
exhibited a continuous decrease in pitch that was 212.5 kHz, with a
terminal dominant frequency at least 6.25 kHz less than the pitch at
the beginning of the vocalization; 5) Chevron calls resembled an
“inverted-U,” which was identified by a continuous increase in pitch
>12.5 kHz followed by a decrease that was >6.25 kHz; 6) Short calls
were punctuated and shorter than 5 ms; 7) Composite calls were
formed by two harmonically independent components, emitted simul-
taneously; 8) Frequency steps were instantaneous frequency changes
appearing as a vertically discontinuous “step” on a spectrogram, but
with no interruption in time; 9) Flat calls displayed a constant begin-
ning and the ending of the pitch frequency remained constant
(23 kHz of each other).*¢4”

We classified pup vocalizations according to strain and sex:
1820 B6 calls (N = 1070 emitted by males and N = 750 by
females); 3416 FVB calls (N = 1490 emitted by males and
N = 1926 by females) and 8501 CD-1 calls (N = 4744 emitted by
males and N = 3757 by females). All pups except 6 mice (N = 2 B6,
N = 2 FVB, N = 2 CD-1) vocalized at least at one time point (pnd).
Data related to pup vocalizations were subjected to three different
analyses: a) strain-dependent effects on the frequency and duration
of the vocalizations emitted by each subject at pnd 2, 4, 6, 8, 12; b)
strain-dependent effects on the probability of producing calls (pro-
portion of calls in each category for each subject) from each of the
nine categories of USVs; c) a descriptive analysis which included
strain-dependent effects on the percentage of calls emitted by each
subject in each of the nine categories of USVs within and between
postnatal days.

Waveform patterns of adult calls were examined in depth in the
sonograms collected from each subject tested, using the classification
based on nine call categories (see above pup analysis). In the female-
female encounter, we classified: 2418 Bé calls (N = 11 subjects),
12,891 FVB calls (N = 12 subjects) and 8707 CD-1 calls (N = 12 sub-
jects); in the male-female encounter, we classified: 4442 Bé calls
(n = 10), 8667 FVB calls (n = 12) and 5343 CD-1 calls (N = 12). The
rest of the subjects were not analyzed because they did not emit
vocalizations. Inter-rater reliability was 98% between the two investi-
gators who scored the call categories. Call category data were sub-
jected to three different analyses: a) strain-dependent effects on the
frequency and duration of the vocalizations emitted by each adult
subject; b) strain-dependent effects on the probability of producing
calls (proportion of calls in each category for each subject) from each
of the nine categories of USVs; c) a descriptive analysis which
included strain-dependent effects on the percentage of calls emitted
by each subject in each of the nine categories of USVs within and

between social encounters.

2.5 | Statistical analysis

A mixed-model Analysis of Variance (ANOVA) with Repeated Mea-
sures was used to analyze 1) body weight and body temperature of

pups with the strain as factor and postnatal days as the repeated

measures; 2) neonatal USV quantitative parameters with the strain as
factor and postnatal days as the repeated measures; 3) adult social
behaviors with the strain as factor and sniffing of different body areas
as the repeated measures; 4) probability of vocalizations with the
strain as factor and social context as the repeated measures. Probabil-
ity of vocalizations within each strain was calculated as number of
calls in each category for each subject/total number of calls analyzed
in each subject and standardized by angular transformation. As the
analysis of sonographic patterns is of an exploratory nature (and not
confirmatory), we did not adjust the results for multiple testing. A
one-way analysis of variance (ANOVA) was used to analyze adult USV
quantitative parameters in each social context. An Analysis of Covari-
ance (ANCOVA) on USV rate and duration with body weight and tem-
perature as covariates were performed to investigate more deeply
differences among strains.

To compare variability in inbred and outbred strains, both neona-
tal (pnd 8, paralleling with previous data) and adult USV data (rate and
duration) were also analyzed by a nonparametric analysis of variance
(Kruskal-Wallis), considering as variable of interest not measurements
per se but their individual deviation from the average within each
group [i.e. individual difference (in absolute value) between individual
value and mean value of USV rate or duration within the experimental
group considered].*

Post-hoc comparisons were performed using Tukey's HSD test
when a significant F value was determined. For all comparisons, signif-

icance was set at p < 0.05.

3 | RESULTS

31 | Pups

B6 pups had lower body weight than FVB and CD1 pups (p = 0.01
and p < 0.01, respectively). All pups showed an increased body weight
from pnd 2 to 12 (p < 0.001) (Figure 1A).

B6 pups had lower body temperature than FVB and CD-1 pups
(p <0.01). All pups increased body temperature from pnd 2 to pnd
12 (p <0.001). Only B6 pups had a lower temperature at pnd 2 in
comparison to other two strain pups (p < 0.01) (Figure 1B).

USV rate changed from pnd 2 to 12 (p < 0.001). B6é pups emitted
a lower USV rate than FVB and CD-1 pups (p = 0.05 and p<0.01,
respectively). Posthoc comparisons (performed on the significant
interaction strain x pnd) confirmed that B6 pups vocalized less than
CD-1 pups at pnd 4 (p < 0.05), 6, 8 (p < 0.01) and 12 (p < 0.05), and less
than FVB pups only at pnd 8 (p < 0.05). Also, FVB pups vocalized less
than CD-1 pups at pnd 4, 6, 8, and 12 (p < 0.01) (Figure 1C). No signif-
icant strain differences were detected on peak frequency and peak
amplitude of USVs.

USV duration changed from pnd 2 to 12 (p <0.001). FVB and
CD-1 pups emitted calls longer than B6 pups (p < 0.01). Posthoc com-
parisons (performed on the significant interaction strain x pnd) rev-
ealed that both FVB and CD-1 calls were longer than Bé calls at pnd
2,4,6,8(p<0.01),and 12 (p < 0.05) (Figure 1D).
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FIGURE 1

Neonatal body weight (A), body temperature (B), ultrasonic vocalization (USV) rate (C) and duration (D) in B6 (n = 16), FVB

(n = 20), and CD-1 pups (n = 20). Neonatal USVs at postnatal day (pnd) 2, 4, 6, 8, and 12 are emitted by pups in response to social isolation
(3-minute session). Significant difference between B6 and FVB (p < 0.05* p < 0.01**); B6 and CD-1 (p < 0.05%, p < 0.01*#); FVB and CD-1 (p <

0.01$$). Data are expressed as median * 1st and 3rd interquartile.

TABLE 1

Main effect of strain
F(2,25)=5.26,p = 0.01
F(2,25)=7.33,p<0.01
F(2, 25) = 52.47,p < 0.01
F(2, 25) = 109.96, p < 0.01
F(2, 25) = 42.47, NS

F(2, 25) = 19.86, NS

Body weight

Body temperature

USV rate

USV duration

Peak frequency of USVs

Peak amplitude of USVs

Abbreviation: NS, not statistically significant.

Analysis of covariance ruled out the possibility that the strain
effects found for USV rate and duration were because of the differ-
ences in body weight or body temperature (main effect of strain
and strain x pnd interaction were still significant when body weight
and body temperature were used as covariates in the repeated
measure design). Detailed statistical analysis are reported in
Table 1.

Statistical analysis of neonatal body weight, body temperature and USV data (from pnd 2 to 12)

Main effect of pnd

F(2, 4) = 333.58, p < 0.001
F(2,4) = 107.99, p < 0.001
F(2,4) = 14.47, p < 0.001
F(2,4) = 17.35, p < 0.001
F(2,4) =4.53,NS

F(2,4) = 18.35,NS

32 |

321 |

Male-female

Interaction of strain x pnd
F(8, 100) = 0.473, NS

F(8, 100) = 3.76, p < 0.01
F(8, 100) = 7.76, p < 0.01
F(8, 100) = 8.76, p < 0.01
F(8, 100) = 12.23, NS

F(8, 100) = 8.35, NS

Adult social interaction tests

During the 3-min interaction of a male with a sexually receptive
female, FVB males emitted a higher USV rate than B6 and CD-1 males
(p<0.01 and p < 0.05, respectively). FVB calls were also longer than
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FIGURE 2 Male-female social interaction. A 3-min session measured parameters of direct interaction of a male (n = 12 for each strain) with
a sexually receptive female of the same strain. USV rate (A) and duration (B), sniffing frequency (C), and sniffing duration (D). Significant
differences between B6 and FVB (p < 0.05%, p < 0.01**); B6 and CD-1 (p < 0.01*#); FVB and CD-1 (p < 0.05%, p < 0.01%%). Data are expressed as

median + 1st and 3rd interquartile.

Bé6 ones (p < 0.05) (Figure 2A,B). No significant strain differences were
detected on peak frequency and peak amplitude of USVs.

Analysis of the frequency of social sniffing showed that FVB and
CD-1 males had higher values than Bé males (p < 0.01). Posthoc com-
parisons (performed on the significant interaction strain x body area)
confirmed that B6 and FVB males sniffed the corresponding female
partner more frequently in the anogenital area versus body and head
area (p <0.01), whereas in CD-1 males frequency of sniffing did not
vary according to the different body areas. Moreover, FVB males
sniffed the anogenital area of the partner more frequently than Bé
and CD-1 males (p < 0.01). FVB and CD-1 males sniffed the body of
the partner more than B6 males (p <0.01), whereas CD-1 males
sniffed the head of the partner more frequently than Bé males (p <
0.01) (Figure 2C).

Analysis of the duration of social sniffing provided a similar pic-
ture. FVB sniffing response was longer than the one of B6 and CD-1
(p < 0.01). Also sniffing duration was longer for anogenital area versus

body and head area within each strain (p < 0.01). Posthoc comparisons

(performed on the significant interaction strain x body area) reported
that FVB males sniffed the anogenital area of the partner longer than
B6 and CD-1 (p <0.01) and the body area of the partner longer than
B6 males (p<0.01) (Figure 2D). Detailed statistical analysis are
reported in Table 2.

3.22 | Female-Female
During the 3-min interaction of a female with a same sex conspecific,
FVB females emitted a higher USV rate than B6 and CD-1 females,
and CD-1 females emitted a higher USV rate than Bé ones (p < 0.01)
(Figure 3). No significant strain differences were detected on USV
duration (Figure 3B), peak frequency and peak amplitude of USVs.
Analysis of frequency of social sniffing revealed significant differ-
ences among strains and body areas. B6 females investigated the
female partner less frequently than CD-1 and FVB females (p < 0.01).
Females sniffed more frequently the anogenital area of the female
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TABLE 2  Statistical analysis of adult data (USVs and social response) during social interaction tests

Male-Female

USV rate

USV duration

Peak frequency of USVs
Peak amplitude of USVs
Frequency of social sniffing
Duration of social sniffing
Female-Female

USV rate

USV duration

Peak frequency of USVs
Peak amplitude of USVs
Frequency of social sniffing

Duration of social sniffing

Main effect of strain

F(2,33) =15.52,p<0.01
F(2,33)=17.08,p<0.01

F(2,33) = 5.46,p < 0.01
F(2,33)=3.17,p = 0.05
F(2, 33) = 0.46, NS
F(2,33) = 2.54,NS

)

)

F(2,33) =45.51,p<0.01
F(2, 33) = 2.78,NS
F(2,33) = 2.15,NS

F(2, 33) = 3.43,NS
F(2,33) =8.61,p<0.01
F(2, 33) = 24.27,p < 0.01

Main effect of body area

F(2, 66) = 44.37,NS
F(2, 66) = 88.46,p <0.01

F(2, 66) = 91.88,p<0.01
F(2, 66) = 81.13, p < 0.01

and Behavior

7 of 16

Interaction of strain x body area

F(4, 66) = 8.15, p < 0.01
F(4, 66) = 9.41,p < 0.01

F(4, 66) = 9.19,p<0.01
F(4, 66) = 11.67,p < 0.01

Abbreviation: NS, not statistically significant.

partner than the head area within each strain (p < 0.01). Posthoc anal-
ysis (performed on the significant interaction strain x body area) rev-
ealed that only CD-1 females spent more time sniffing the anogenital
than the body area (p<0.01). FVB and CD-1 females sniffed the
anogenital area of their partner more than Bé (p < 0.01); FVB females
also sniffed the body of their partner more frequently than Bé females
(p < 0.01) (Figure 3C).

Analysis of duration of social sniffing response revealed signifi-
cant differences among strains and body areas. B6 females spent
less time investigating the female partner than CD-1 and FVB
females, and CD-1 females spent less time in social investigation
than FVB females (p < 0.01). Post hoc analysis (performed on the
significant interaction strain x body area) revealed that CD-1 and
FVB females spent more time sniffing the anogenital area of the
female partner than the body and the head, whereas only FVB
females spent more time sniffing the body area than the head (p <
0.01). FVB and CD-1 females also sniffed the anogenital area of
their partner longer than B6 females, and FVB also longer than
CD-1 females (p < 0.01); FVB sniffed the body of their partner lon-
ger than B6 females (p < 0.01) (Figure 3D). Detailed statistical anal-
ysis are reported in Table 2.

Data concerning comparison of variability of USV rate and USV
duration of inbred (B6 and FVB) versus outbred (CD-1) strains were
analyzed using nonparametric Kruskal-Wallis test. The variable con-
sidered for each individual data was the difference (absolute value)
between individual datum and mean value for the group (e.g., for
each B6 male pup, the 8/12 dots correspond to individual USV rate
minus the mean value of USV rate of male Bé pups). As shown in
Figure S1, only in the female-female social interaction test, variabil-
ity of CD-1 females resulted significantly higher (p <0.01) than Bé
females; no other difference in variability emerged in the other

comparisons.

3.3 | Pattern of sonographic structure among
strains in different social contexts

Figure 4 describes the percentages of different call categories emitted
by male and female pups and adults for each strain. B6, FVB and
CD-1 mice emitted a different spectrum of call categories.

At postnatal day 8, B6 pups preferred emitting short (males 30%,
females 27%) and two-component (males 21%, females 29%) calls,
with a reduced proportion of complex and downward calls. By con-
trast, FVB displayed high prevalence in production of complex (males
35%, females 29%), frequency steps (males 40%, females 38%), and
composite (males 11%, females 13%) calls. Similarly, CD-1 displayed
high prevalence in production of complex (males 27%, females 31%),
frequency steps (males 30%, females 28%), along with two-
component (males 27%, females 28%) calls.

During adult male-female interaction, Bé preferred emitting two-
component (36%) and complex (25%) calls, with a reduced proportion
of upward (16%) and short (13%) calls. FVB produced a consistent
number of complex (42%), frequency steps (24%), and upward calls
(21%). CD-1 emitted predominantly a type of nine call categories,
showing 63% of complex calls, with a small number of upward (16%)
and two-component (10%) calls.

During adult female-female interaction, B6 preferred emitting
two-component (35%) and complex (23%) calls, with a reduced pro-
portion of short (16%), frequency steps (11%) and upward (8%) calls.
FVB produced a consistent number of frequency steps (43%), along
with a similar proportion of complex (18%), two-component (16%)
and upward (18%) calls. CD-1 emitted predominantly two types of call
categories: 49% of complex and 28% of frequency-steps calls.

When analyzing each USV category separately (see Figure 5), the
probability of producing defined call categories differed across strains

and social contexts (neonatal stage, adult male-female and female-
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Female-female social interaction. A 3-min session measured parameters of interaction of a resident female (n = 12 for each strain)

with an unfamiliar female of the same strain. USV rate (A) and duration (B), sniffing frequency (C), and sniffing duration (D). Significant differences
between B6 and FVB (p < 0.05*, p < 0.01**); B6 and CD-1 (p < 0.05%, p < 0.01*#); FVB and CD-1 (p < 0.05%, p < 0.01%%). Data are expressed as

median + 1st and 3rd interquartile.

female interaction). Analysis revealed: 1) a main effect of strain on the
proportion of eight call categories (complex, two-components, down-
ward, chevron, short, composite, frequency steps, and flat); 2) a main
effect of social context on the proportion of seven call categories
(complex, upward, downward, chevron, composite, frequency steps,
and flat; 3) a significant strain x social context interaction on the pro-
portion of eight call categories (complex, two-components, down-
ward, chevron, short, composite, frequency steps, and flat).

Detailed statistical analysis are reported in Table 3. Call differ-
ences between strains are also described in the Supporting Informa-
tion, Table S1.

As for individual data variability across inbred and outbred strains,
our analyses of absolute values of differences from mean group values
identify significant differences only within the female-female social inter-
action test (Kruskal-Wallis test: H = 6.164, p < 0.0459), namely CD-1
female data show higher variability than B6 data (Mann-Whitney test:

U = 16, p = 0.0037) whereas no evidence of significant difference in var-
iability was detected within the other groups (Figure S1).

4 | DISCUSSION
Our findings corroborated results from previous studies showing that
strain or genetic background, age, sex, as well as responsiveness to
the environmental stimuli (i.e., body temperature) influence the social
mouse behaviors, specifically how mice communicate and socially
interact with conspecifics.224447=>1 |n the current study, differences
among three strains emerged both in the USV rate and vocal reper-
toire (according to spectrographic features of each call), as well as in
social performances.

We initially focused on vocal differences among strains at neona-
tal stages. This assessment is crucial considering that USV analysis is
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FIGURE 4 Distributions of B6 FVB CD-1
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one of the few assays that can be performed during the first postnatal
weeks of life to define developmental trajectories. It also has high
value from a translational perspective, since developmental trajecto-
ries are investigated in several mouse models of neurodevelopmental
disorders, often generated on different genetic background.>*%°% We
chose to analyze five time points rather than one single postnatal day,
to verify potential strain differences in USV profile across the entire
neonatal period. Testing a pup for a brief period (3 min session at each
time point) could not be considered a stressful event, if compared
with prolonged periods of maternal isolation (from 15 to 45 min/
day).‘r""56 Thus, in the absence of stressful conditions, it can be
assumed that repeated assessments of pups did not substantially

affect their USV performance during development. Our analyses

detected differences already at early stages for both USV rate and
duration: CD-1 pups emitted a higher number, while B6 pups a
lower number of calls compared with the other two strains, in line
with previous studies.2®4357-6% When looking at the mean dura-
tion of calls, both FVB and CD-1 calls were longer than Bé. Thus,
Bé6 pups significantly produced a reduced number of calls and those

1,4344 as also con-

emitted were also shorter than FVB and CD-
firmed by the analysis of sonographic structure (see below). In com-
parison to Bé, FVB pups produced longer USVs, in line with
previous data collected on those strains.>¢ The ontogenetic profile
of USV rate also showed strain differences: B6 pups had a peak in
the calling rate earlier, around postnatal day 4, while CD-1 and FVB

pups around pnd 6-8.23257757:61 Ag Figure 1C depicted, the large
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degree of differences in USV rate emission at pnd 4, 6, and 8 is
because of the outbred CD-1 pups. In response to social isolation
and with the aim to activate maternal care, the increased USV emis-
sion of CD-1 pups could be considered as an index of more
anxiety-like behavior in comparison to “low anxiety” profile of
inbred B6 and FVB pups.®? Several factors could be seen as “con-
founders™ in ultrasonic emission, such as body temperature and
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weight.®® In our analysis, strain differences in rate and duration of
vocalizations were somehow paralleled by differences in tempera-
ture and weight. However, analyses of co-variance, with either
temperature or body weight as covariates, indicated that strain dif-
ferences were still well detectable, ruling out the possibility that
the different patterns shown by Bé pups was substantially because
of lower values of body weight and temperatures.
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TABLE 3 Statistical analysis of call categories across strains and social contexts (neonatal stage, adult male-female and female-female
interaction)
Main effect of strain Main effect of social context Interaction of strain x social context
Complex F(2,88) = 36.48,p <0.01 F(2,88) = 17.81,p<0.01 F(4, 88) = 6.58, p < 0.01

Two-components F(2, 88) = 35.35,p < 0.01

Upward F(2,88) = 45.11, NS
Downward F(2,88) = 52.21,p <0.01
Chevron F(2, 88) = 6.46,p <0.01

Short F(2, 88) = 39.40, p < 0.01
F(2, 88) = 6.16, p <0.01

Frequency steps F(2, 88) = 37.49,p <0.01
Flat F(2,88) = 15.34, p < 0.01

Composite

Abbreviation: NS, not statistically significant.

F(2, 88) = 45.70, NS

F(2, 88) = 40.67,p<0.01
F(2,88) = 22.70, p < 0.01
F(2,88) = 73.20,p <0.01
F(2, 88) = 86.55, NS
F(2,88) = 17.65, p < 0.01
F(2,88) = 12.35, p < 0.01
F(2,88) = 5.09,p < 0.01

F(4, 88) = 10.40,p < 0.01
F(4,88) = 11.74,p < 0.01
F(4,88) = 13.22, NS
F(4,88) = 3.12,p < 0.05
F(4,88) =4.67,p<0.01
F(4,88)=7.17,p<0.01
F(4,88) = 6.92,p<0.01
F(4, 88) = 2.37, p = 0.05

Our second investigation targeted the adult vocal profile, in asso-
ciation to social behavior. We found that FVB males vocalized more
and for longer time than Bé6 in presence of a sexually receptive female,
as pups did at neonatal age for activating maternal care. The increased
USV emission of FVB males was associated with increased social

investigation (both frequency and duration) of the female partner,

focusing on the anogenital area. In a similar manner, FVB females
expressed high levels of social behavioral responses, since they vocal-
ized more than B6 and CD-1, displayed more frequent and longer
anogenital and body area sniffing than Bé, as well as longer anogenital
sniffing than CD-1. As for B6 strain, both males and females, as com-

pared with FVB and CD-1 mice, conserved a low vocal and social
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profile, differently from previous data found in adult male-male inter-
actions.®* Noteworthy, B6 has been extensively applied as genetic
background to generate mutant mouse lines and used as “control”
strain in several experiments, for example, in comparison with inbred
strains with low social responsiveness.®>%® It has been also considered
as a suitable candidate for behavioral studies since episodes of aggres-
sive attacks rarely occur during social interaction.?247¢4¢7 Present
data indicate that B6 is the strain that has lower USV emission rate as
neonate and adults (both sexes), and emit simpler and shorter calls.
Thus, it might not be the preferential strain to choose in experimental
settings and conditions that are hypothesized to reduce USVs and
social responses. Our data also evidenced that CD-1 males had a
lower production of USVs and a reduced interest to investigate the
partner than FVB, and CD-1 females showed an intermediate profile
for levels of USV emission and social investigation of the female part-
ner when compared with both B6 and FVB strains.

The analysis of variability in the number of calls emitted by the
three strains showed comparable levels of variability around mean
values for each strain. This result substantially confirms and extends
recent data showing that outbred CD-1 calls are not more variable
than inbred FVB ones.>®> Such a convergence on comparable degree
of variability in inbred and outbred USVs, using different methodolog-
ical approaches and targeting different USV parameters (fairly coun-
terintuitive on the basis of heterogeneity of genetic background), is
worth of further comparisons of behavioral traits, not necessarily lim-
ited to vocalization patterns.®® Nevertheless, present CD-1 USV pro-
file suggests that this outbred strain can be suitable for both neonatal
and adult studies focused on modulation (by different conditions or
agents) of the vocal repertoire.

Further, we investigated more in detail both neonatal and adult
vocal repertoires, classifying them into nine categories based on spec-
trographic appearance. For neonatal repertoire, we focused on post-
natal day 8 to be consistent with previous data.®2*3#* Differently
from the other two strains, B6 pups (both sexes) emitted a significant
portion of calls with a simple sonographic structure (short and down-
ward) and also as adults maintained the highest percentage of short
calls among the three strains. In addition, B6 pups (both sexes) also
showed a remarkable percentage of two components (as CD-1 pups),
and maintain this feature also in the adult vocal repertoire, whereas
the same call category is no longer so prevalent in adult FVB and
CD-1 mice. These features are in full agreement with our previous
data.**4¢*” The vocal repertoire of FVB mice depicted a different
sonographic pattern: they emitted more composite calls (on postnatal
day 8) and frequency steps calls (across social contexts) than the other
strains, as also previously observed during both infancy and adoles-
cence.®**® Similarly to FVB, CD-1 strain displayed a complex and
modulated vocal repertoire in both neonatal and adult social contexts:
CD-1 mice produced more two-component and frequency-step calls
during neonatal age, while more complex and fewer frequency-step
calls during adult social encounters. Branchi and colleagues already
reported that 8-day-old CD-1 mice emitted a higher percentage of
frequency steps and complex calls, along with low numbers of flat and

short calls, although the spectrum of USVs was classified into five

categories only (flat, complex, frequency steps, short, and compos-
ite).32 In the current study, upward call represented the only call cate-
gory that did not vary among strains at adulthood: B6, FVB and CD-1
mice emitted this type of call in a similar manner in both male-female
and female-female social interaction, suggesting that upward calls
production is a stable element of adult social interaction. These results
are supported by a similar acoustic signature with a high proportion of
upward calls in B6 adult mice,®® and in wild-derived male house mice
following urine exposure,?® during male-female direct social
interaction,?! and after sexual priming.2® All together, these findings
highlight that inbred B6 mice produce simpler syllables with fewer
internal changes and shorter duration, inbred FVB mice produce sylla-
bles with repeated internal changes (i.e.. more frequency-step and
complex calls), while outbred CD-1 mice seem to have an intermedi-
ate profile.

Following mice from early age to the adulthood, it can be
detected that pups displayed a wider vocal profile, based on six or
more types of calls (i.e.: complex, two-component, frequency steps,
composite, downward and short), while adults preferred to emit pri-
marily four types of call categories (i.e., upward, complex, two-
component and frequency steps). Mouse pups thus have a less
defined vocal signature during early development and tend to define
it with age, supporting the idea of a progressive change towards adult
acoustic features and syllable composition.’?”° At adulthood, a differ-
ent prevalence of call categories is observed in each strain. Such
strain-dependent patterns of call categories could affect mate-choice
and/or probability to interact with a conspecific. Additional studies
are needed to better understand the role and characteristics of vocal
communication during social interactions (e.g., differences between
courtship and mating or USV production) across strains, since few
studies have detailed this aspect so far.”*”2

It is worth highlighting that USVs are a useful tool for evaluating
emotion and motivation in rodents.”>7# In juvenile and adult rats, call
categories have been extensively used as measures of emotional/
affective state. Flat 22-kHz USVs indicate a negative affective state,
while frequency 50-kHz USVs indicate a positive affective state.”>”¢
To our knowledge, the meaning of each call category is not well-
established in mice, although a main hypothesis is that the
spectrotemporal call complexity may reflect motivational and emo-
tional states. For example, the presence of complex and harmonic calls
has been considered as a valuable index of positive emotions in
mice.”” Crucially, emotional and motivational aspects play a role in
modulating the number of USVs and the type of call in several mouse
models of psychiatric disorders, as autism spectrum disorders, schizo-
phrenia, and stress-related disorders.”® Comparing the use of call
types by different strains, B6 mice disproportionally emitted higher
pitch and more downward modulated calls than BALB mice during
vigorous social approaches.!! In our study, we supposed that more
complex and modulated vocal repertoires depicted in FVB and CD-1
mice, in comparison to Bé ones, were functionally related to the
strain-dependent differences in behavioral responses to social stimuli
and environmental factors, as well as it appeared in other emotional

behaviors (i.e., anxiety, stress).””€°
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A first limitation to the current study is the difficulty to distinguish
which mouse of the dyad vocalized during the adult social interaction
with current available protocols and most common analysis tools. Previ-
ous investigations dealt with the issue to determine whether the source
of call production is exclusively the mouse test.*¢®! We suppose that
in our experimental setting, given the protocol we applied to record
USVs, the test mouse (male, in the male-female interaction; resident
female in the female-female interaction) is the primary vocal emitter.
However, we cannot rule out that also the female partner vocalized
during the social encounter. Indeed, it has been recently demonstrated,
through a multiple-microphone array system that allows to identify the
vocalizer of a group of mice, that during male-female interactions also
female mice vocalize, to interact with the male and transfer social and
receptive information'®; even in these more naturalistic settings, how-
ever, greater proportion of vocalizations are produced by males. During
our qualitative analysis carried out by visual inspection of spectrograms,
we did not detect overlapping of signals; although we cannot exclude
that it sporadically occurred, we can rule out that it systematically
affected our measurements. A novel insight comes from a recent deep
learning approach evidencing the differences between male and female
USVs through the investigation of spectrotemporal properties. The full
spectrogram characteristics were informative about the emitter's sex, at
least during analysis of female-male social interaction.®? Future and
in-depth investigations including the use of multiple-microphones,
source localization methods and machine learning approaches are
needed to determine the location of the sound and identify the mice
vocalizing in the dyadic social interaction.

A second limitation consists in the limited number (three) of
strains and types of social contexts/age (pups during maternal isola-
tion, adult males and females during social encounters) used. Future
studies are needed to expand such specific vocal evaluation to other
mouse strains and additional settings, possibly synchronizing USV
recordings and social behavior in adult mouse.®®

As a third limitation, we did not evaluate potential strain-related
differences in mother's behavior after reunion and their effects on
subsequent USV neonatal emission. Data from literature indicated
that increased maternal responsiveness may lead to a reduction in
“isolation-induced USVs.”1° C57BL/6 mothers exhibited higher levels
of maternal responsiveness in comparison to BALB/c ones, which in
turn were associated to a lower number of neonatal USVs.'® Thus, in
our study it is possible the dams belonging to different strains recog-
nized distinct signals (i.e., olfactory) from a pup placed in the nest fol-
lowing the experimental session and they activated differently

maternal care and maternal responsiveness.

5 | CONCLUSION

Our data fit with other investigations emphasizing that USVs carry rel-
evant social information about species, strain, sex and individuals, and
potentially vary in response to mouse internal state, social experience

and behavioral interactions with conspecifics.!?->281:84:85

and Behavior

Present USV quantitative and qualitative results demonstrate that
there is a large degree of variance among B6, FVB and CD-1 mouse
strains across age and social contexts. We conclude that the number
of USVs, as well as their acoustic features and sound shapes, may be
influenced by strain, age and social context of assessment. In associa-
tion with USV detection, analyzing behavioral social responses during
two types of adult encounters represent an additional item that cap-
ture more defined mouse social profiles.

Our findings illustrate the importance of considering strain, as
well as age and social/environmental conditions of mice, prior to set
up USV experimental paradigms. Also background strain of genetically
modified lines should be taken into account when dealing with previ-
ous findings or planning pharmacological/toxicological experiments.
The intermediate profile of the outbred CD-1 strain, compared with
inbred B6 and FVB strains, should be considered when dealing with
the choice of inbred and outbred strains appropriate to different con-

texts or experimental settings.
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Abstract

House mice communicate through ultrasonic vocalizations (USVs), which are above the
range of human hearing (>20 kHz), and several automated methods have been developed
for USV detection and classification. Here we evaluate their advantages and disadvantages
in a full, systematic comparison, while also presenting a new approach. This study aims to
1) determine the most efficient USV detection tool among the existing methods, and 2)
develop a classification model that is more generalizable than existing methods. In both
cases, we aim to minimize the user intervention required for processing new data. We com-
pared the performance of four detection methods in an out-of-the-box approach, pretrained
DeepSqueak detector, MUPET, USVSEG, and the Automatic Mouse Ultrasound Detector
(A-MUD). We also compared these methods to human visual or ‘manual’ classification
(ground truth) after assessing its reliability. A-MUD and USVSEG outperformed the other
methods in terms of true positive rates using default and adjusted settings, respectively, and
A-MUD outperformed USVSEG when false detection rates were also considered. For auto-
mating the classification of USVs, we developed BootSnap for supervised classification,
which combines bootstrapping on Gammatone Spectrograms and Convolutional Neural
Networks algorithms with Snapshot ensemble learning. It successfully classified calls into
12 types, including a new class of false positives that is useful for detection refinement.
BootSnap outperformed the pretrained and retrained state-of-the-art tool, and thus it is
more generalizable. BootSnap is freely available for scientific use.

Author summary

House mice and many other species use ultrasonic vocalizations to communicate in vari-
ous contexts including social and sexual interactions. These vocalizations are increasingly
investigated in research on animal communication and as a phenotype for studying the
genetic basis of autism and speech disorders. Because manual methods for analyzing
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vocalizations are extremely time consuming, automatic tools for detection and classifica-
tion are needed. We evaluated the performance of the available tools for analyzing ultra-
sonic vocalizations, and we compared detection tools for the first time to manual methods
(“ground truth”) using recordings from wild-derived and laboratory mice. For the first
time, class-wise inter-observer reliability of manual labels used for ground truth are ana-
lyzed and reported. Moreover, we developed a new classification method based on ensem-
ble deep learning that provides more generalizability than the current state-of-the-art tool
(both pretrained and retrained). Our new classification method is free for scientific use.

Introduction

The ultrasonic vocalizations (USVs) of house mice (Mus musculus) and rats (Rattus norvegi-
cus) are surprisingly complex, and they are increasingly being investigated to better under-
stand animal communication [1-3] and as a model for studying the genetic basis of autism
and speech disorders [4,5]. Rodents emit USVs in discrete units called syllables or calls (these
terms are metaphors and do not imply that rodents use words, or that their vocalizations func-
tion to attract other mice). USV syllables are separated by gaps of silence and they have been
classified into several different categories by researchers visually inspecting spectrograms [1-
3,6-10] i.e., the squared modulus of the short-time Fourier transforms (STFT) [11], or, less
often, by statistical clustering analyses [12-17]. USVs are classified according to their shape
and other spectro-temporal features, including the length of each syllable, their frequency, and
degree of complexity. Classification provides the basis for subsequent analyses of USVs, such
as repertoire size (e.g., Nicolakis et al. [7], Marconi et al. [6]) and sequences or syntax (e.g.,
Heckman et al. [3],Chabout et al. [18]).

Several classifications of USVs have been proposed, which vary from three to 12 different
classes, and there is no consensus on how they should be classified. Researchers agree that
there is a qualitative distinction between simple versus complex types of USVs (with the latter
having frequency-jumps or harmonics), but not with other proposed classes, as their differ-
ences are fuzzy. Many proposed classes are quantitative variations within these two major cate-
gories (e.g., simple USVs show quantitative differences in length and shape, and complex
syllables can have one or more frequency-jumps). A recent study concluded that USVs do not
cluster into distinctive types, and instead form a continuum [19]. However, since USVs are
mainly classified by human researchers, the crucial question is how do rodents perceive and
respond to variations in USVs. Continuous differences in these calls might still be perceived as
categorically discrete by rodents, just as we perceive continuous speech as discrete words and
variations in wavelengths of light as different colors. Few studies have addressed questions
about perception so far, and the evidence suggests that mice differentiate some though not
other USV classes (see Outlook below). Moreover, house mice emit different types of USV's
depending upon the social contexts and potential receivers [10,18,20-24], and they alter their
syllable type usage over the time during courtship and mating [25-27]. Thus, identifying varia-
tions in USVs in different contexts is central to studying the functions of these vocalizations
(Nicolakis et al. [7], Marconi et al. [6]).

The main technical challenge for USV processing and analyses includes developing better
methods for detecting and classifying these vocalizations, since most analyses are still con-
ducted manually by visual inspection of spectrograms, which is extremely time-consuming.

The first step in this signal processing task is USV detection, which is a challenging problem
due to the low signal-to-noise ratio (SNR) in most recording conditions. Manually detecting
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each USV can take an enormous amount of time, particularly with large datasets. Semi-auto-
matic methods are useful, but they are still time-consuming (e.g., semi-automatic detection
using Avisoft SASLab Pro and manual checks requires 1-1.5 hours to detect merely 150-300
USVs [28], and some datasets contain tens of thousands of USVs [6]). The time required to
classify USVs takes even longer than detection, and classification is a necessary step to evaluate
qualitative differences in vocalizations and to conduct analyses of USV sequences (syntax)
(e.g., von Merten et al. [8]). Several software tools have recently become available for automat-
ing USV detection, including MUPET [13], MSA [14], DeepSqueak (DSQ) [16], USVSEG
[29], Automatic Mouse Ultrasound Detector (A-MUD) [30], Ultravox (Noldus; Wageningen,
NL) (commercial), and SONOTRACK (commercial). These tools enhance the efficiency of
processing USV data, but they can generate errors for several reasons. Failing to detect actual
USVs (the probability is given by the false-negative rate or FNR) can result in missing actual
differences in the vocalizations, and erroneous detections (false detection rate or FDR) can
lead to failure to detect actual differences and generate false differences. The challenge for any
USV detection algorithm is maximizing the true positive rate (TPR) while minimizing the
FNR and FDR. Moreover, automatic methods can have systematic biases depending on how
they are developed. For example, automated methods developed using only one mouse strain,
one sex, or only in one state or context can increase both types of error when applied to other
mice or conditions (see S1 Table for the mice and recording conditions used for developing
different USV detection tools if applied in other settings). Thus, automated methods can
greatly enhance the efficiency of processing USV data, but it is critical that they can be general-
ized. Results should be treated with caution until the error rates in the detection and classifica-
tion method are evaluated for particular datasets, or their generalizability is demonstrated.

To our knowledge, five studies have compared the performance of USV detection algo-
rithms: (1) Binder et al. [28] compared MSA and Avisoft for detecting USVs emitted from dif-
ferent strains of mice (C57BL/6, Fmr1-FVB.129, NS-Pten-FVB, and 129). They concluded that
Avisoft outperformed MSA for C57BL/6 and NS-Pten-FVB strains, but these two methods
performed similarly for strain 129. Thus, there are strain-specific differences between these
two detection tools. (2) Another study [31] compared the quantity of USVs detected by Avisoft
to those detected by Ultravox (2.0) and reported significant differences in USV detection and
weaker than expected overall correlations between the systems under congruent detection
parameters. (3) Van Segbroeck et al. [13] compared MUPET and MSA for detecting USV's
emitted by B6D2F1 males from MouseTube [3] and found that these methods generated simi-
lar call counts and spectro-temporal measures of individual syllables. (4) Coffey et al. [16]
compared MUPET, Ultravox, and DSQ for detecting USVs by analyzing the TPR and preci-
sion (the ratio of detected true USVs to false positives). For this purpose, they manipulated a
recording from MouseTube in two ways to gradually degrade its quality. In the first experi-
ment, increasing levels of Gaussian white noise were added to recordings, and DSQ outper-
formed MUPET and Ultravox in terms of TPR and precision in all Gaussian noise levels. In
the second experiment, real noise was added to recordings, and DSQ again outperformed
MUPET in terms of precision and Ultravox in terms of precision and TPR. (5) Zala et al. [30]
compared the performance of Avisoft and A-MUD (version 1.0) in identifying USVs of wild-
derived Mus musculus musculus. They concluded that the latter method is superior in terms of
TPR and FDR. Zala et al. [32] have since provided an updated version of A-MUD, which over-
comes previous difficulties in identifying faint and short USVs.

Our first aim was to systematically compare the performance of four commonly used USV
detection tools, MUPET, DSQ, A-MUD, and USVSEG, and to determine which is the most
efficient and requires the least user intervention. We addressed three main questions:
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1. How does the performance of different USV detection methods compare to each other?
Previous studies indicate that A-MUD outperforms Avisoft, which outperforms MSA;
MSA is comparable to MUPET and DSQ outperforms MUPET and Ultravox. To our
knowledge, no study has systematically compared the performance of A-MUD and DSQ,
or evaluated more than two of these methods together, though Coffey et al. [16] recently,
compared DSQ, MUPET, and Ultravox.

2. How does the performance of USV detection methods compare to ground truth (i.e., man-
ual detection by trained researchers)? Evaluation of detection methods rarely includes such
a positive control, which is a crucial comparison to obtain absolute versus relative estimates
of performance (e.g., see [30]). Binder et al. [28], Binder et al. [31], and Van Segbroeck et al.
[13] compared Avisoft and MSA, Ultravox and Avisoft, and MUPET and MSA based on
the number of USVs detected by each of the two methods, but no comparisons were made
with ground truth. Coffey et al. [16] used only ca. 100 manually detected USVs as ground
truth for comparing DSQ, MUPET, and Ultravox.

3. How well do USV detection tools perform when using novel datasets that differ from the
original training set (often called, generalization performance, out-of-sample error, or out-
of-the-box performance)? To our knowledge, only one study [28] has tested whether USV
detection methods generalize to other mouse strains (comparing only Avisoft and MSA),
and only one study has compared MSA and MUPET for different recording conditions
(males vocalizing in response to female urine, an anesthetized female, and awake female)
[13]. Van Segbroeck et al. [13] and Coffey et al. [16] only used recordings from a hybrid
strain (B6D2F1), and Zala et al. [30] used wild-derived Mus musculus. Consequently, it is
unclear how well current detection methods perform whenever applied to new recordings
that differ from the data used to develop and evaluate the tool. The problem of generaliza-
tion is well known in the machine learning community and there are several approaches to
improve “transfer learning” [33].

Therefore, we compared the “out-of-the-box” performance of these USV detection tools
with each other, and with ground truth, and we assessed their performance with novel datasets.
For these comparisons, we used recordings of laboratory mice (Mus laboratorius) and wild-
derived house mice (Mus musculus musculus), and using recordings under different social
contexts and recording conditions. The data were obtained from sources not involved in the
developmental phase for our tools (see Data and Methods). To evaluate the absolute perfor-
mance of these models, we applied a new dataset of manually detected USVs as ground truth
with a total of 3955 USVs. We minimized adjusting the detection parameters or re-training
these tools because such additional user interventions would add more variables and make it
impossible to compare their efficiency. One could include re-training before using or testing a
detection tool with a novel dataset, but then the data would have to be re-labeled, which defeats
the purpose of using an automated tool. To evaluate performance, we compared TPR (i.e.,
how often USVs are correctly detected) and FDR (how often background noises are mistakenly
detected as USVs). Signal detection theory explains the inevitable trade-off between FPs and
FNs [34], and therefore, the most effective tool will provide an optimal balance of these types
of errors.

We also aimed to develop an improved method for detecting FPs, as a second refinement
or data cleaning step to remove noise before classifying USVs or making other analyses.
Whenever analyzing recordings of mice, there are always background noises i.e., non-USV
sounds generated from recording instruments or movements of the mouse and bedding espe-
cially during social interactions. FNs are problematic as they result in a loss of data for
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subsequent analyses; however, false positives from detection are more problematic for statisti-
cal analyses and training a classification tool. One can set the parameters of detection such that
it errs on the negative rather than the positive set, as FPs can be deleted in the refinement step.
To remove FPs, MUPET and DSQ include a preliminary detection refinement step using
either an unsupervised approach, which groups data based on similarity measures rather than
manually labeled USVs (both approaches), or a supervised approach, which requires manually
labeled USVs for training a classifier (DSQ and [35]). Our preliminary evaluation found that
DSQ outperformed MUPET in the detection refinement step (using the K-means clustering
[36]), however, its performance differs depending on the data. Thus, we designed a method
better suited to deal with the problems mentioned above and we compared our method with
DSQ for detecting FPs, as this is a critical step for accurate USV classification.

Our second aims were to evaluate the state-of-the-art method for automated USVs classifi-
cation, and to develop a better method, i.e., an out-of-the-box, high-performance, and super-
vised method that requires minimal human intervention. Automatic classification of USV
syllable types can be achieved through unsupervised [12-14,16,17] and supervised [16] classifi-
ers. The advantage of unsupervised classification (often called ‘clustering’) is that it is consid-
ered to be more objective, as it does not require a predefined number of classes or manually
labeled observations. Hence, the number of classes is based on the information contained in
the dataset rather than the researchers’ assessment. These clusters do not always match the
classification of USVs by researchers and it is unclear how they are perceived by mice (see Out-
look below). In contrast, supervised classification (classification sensu stricto) methods require
that researchers first classify or assigning labels to USVs for training a classifier (machine
learning), which has higher accuracy compared to clustering [37,38]. One needs to use super-
vised classification for comparing the results between datasets and manual labels. To our
knowledge, only a few studies have used supervised methods for classifying mouse USVs (see
S1 Text).

Since the generalizability of USV classifiers has never been investigated (unlike methods for
classifying bird vocalizations [39]), it is not known how well the current methods can classify
USVs for novel datasets. Again, to evaluate a classification method, a systematic evaluation of a
new dataset not used for training or testing is needed. We identified four key factors that can
reduce the performance and generalizability of USV classifiers:

1. Noise is a potential problem for classification, as for detection, but this issue has not
received sufficient consideration. Some methods used only recordings that had low back-
ground noise (high SNR data) for developing and testing their models (e.g., [40], [16], and
[41]). This approach seems logical but it results in reduced performance when using more
typical recordings of mice having a low-SNR [42]. This problem is exacerbated if the model
is developed using predefined features extracted from spectrograms (e.g., see [40]), as the
extraction of these features from low-SNR signals already introduces high variance.

2. Imprecise USV detection generates subsequent classification errors. As the main output
after detection is usually the time and frequency range of USVs, the classification will only
include the region of the spectrogram limited to the detected minimum and maximum
USV frequency [16,40]. Our investigations, however, revealed that faint portions of USV's
are often not included inside this window, leading to significant errors in feature estimation
and classification.

3. Neural networks are being increasingly used for USV classification [16,41,43]. Machine
learning is an iterative method and it can fail to find the most effective weights for classifica-
tion, however, because the algorithm takes a path that reduces the error and this can lead to
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focusing on specific weights, which may not be very useful. Becoming trapped in a local
minimum is a common problem, and it can reduce the generalizability of a classifier [44].
This problem can be overcome by using ensemble machine learning methods [45], a proce-
dure that uses multiple algorithms, and the final output is obtained from combining the
outputs of these models. This approach makes it possible to obtain a model with better per-
formance than any of its component models and it allows for more flexible structures,
though developing ensembles require additional training time.

4. Limited training and evaluation inflate model performance. The performance of any model
is overly-optimistic whenever the same type of data (e.g., same mouse strain or recording
context) is used for both model development and evaluation [40,41,43]. Using such a lim-
ited training set conceals the model’s shortcomings in dealing with different strains or
recording conditions, but surprisingly, previous studies have never considered this issue.

Thus, to develop new and improved methods for USV classification, we had the following
aims:

1. Apply a CNN Snapshot Ensemble classifier based on the stochastic gradient descent algo-
rithm, which is accurate even with noisy (low-SNR) data.

2. Use the full time-frequency images based on the entire frequency range and reduce the
dimensionality (and thereby the computational load and the possibility of overfitting) using
Gammatone filters applied to the spectrograms.

3. Compare our new method with pretrained (as an out-of-the-box model) and retrained
DeepSqueak (DSQ), which is currently the state-of-the-art classification tool, and evaluate
these methods using USV's recorded under different conditions and from different mice
strains than the conditions and strains used in the training step.

Data and methods
USV data

Subjects. The data used in this study was first divided into two meta-sets: we have used
one development set (DEV) to develop, train and test the developed detection and classifica-
tion methods. To test the generalizability of the methods we use an additional evaluation (EV)
set. For a direct test, as well as estimating the meta-parameters of the classifier, using stratified
8-fold cross-validation, the DEV dataset was further divided into three subsets including
DEV_train, DEV_validation, and DEV _test (Table 1). We report the performance of the pro-
posed classifier in Sections “Selecting the architecture of the classifier”, “Evaluating BootSnap
for classifying USVs”, and “Inference classification” over the DEV_validation and DEV _test
datasets. The DEV dataset (Zala et al. [30]) combined two pre-existing datasets: the first dataset
was from 11 wild-derived male and 3 female mice (Mus musculus musculus) recorded for 10
min in the presence of an unfamiliar female stimulus [24]. In the second data set, 30 wild-
derived male mice (M. musculus musculus) were recorded for 10 min in the presence of an
unfamiliar female on 2 consecutive days, first unprimed and then sexually primed. These were
F1 and F2 descendants from wild-caught M. musculus musculus, respectively (which for brev-
ity, we refer to as ‘wild mice’), whereas laboratory mice are domesticated hybrids of three Mus
subspecies, and mainly Mus musculus domesticus.

The EV dataset consists of two datasets, and a part was obtained from wild mice (‘EV_wild’)
(as in DEV), but under different conditions [6]. The vocalizations were obtained from 22 sexu-
ally experienced adult wild-derived (F3) male M. musculus musculus [6]. Male vocalizations
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Table 1. Number of instances for each class in the different datasets.

Data set

DEV_train c
308

DEV_validation 53
DEV_test 50

EV_wild c

20

EV_lab 61

https://doi.org/10.1371/journal.pcbi.1010049.t001

c2
241
42
39
c2
224
404

c3
69
12
11

Number of members in each class

c4 c5 h d up u f us s ui FP
0 124 299 4343 298 1277 74 291 543 4849

0 21 52 753 52 221 13 51 94 840

0 20 48 695 48 205 12 47 87 776

split Rise ui FP
334 1025 110 234

739 819 200 389

were recorded without and also during the presentation of a female urine stimulus over three
recording weeks, one time per week and each time for 15 minutes. To evaluate classifier per-
formance, we used three arbitrarily chosen recordings out of these 66 recordings, and manu-
ally classified them for this study. The other part of the EV data is taken from the MouseTube
dataset used for developing DSQ (‘EV_lab’) (B6D2F1 mice recorded by Chabout et al. [18])
and two arbitrarily selected recordings were sampled out of these 168 recordings. Although we
only used a few recordings to evaluate the methods, these recordings contained a large number
of USVs (Table 1). In order to prevent any potential bias in the performance of our method,
we selected 4 datasets that differed in their recording methods and other characteristics, such
as recording contexts (males with fresh or frozen female urine, males or females with a stimu-
lus female separated by a divider), subjects’ previous experience (males without or with socio-
sexual experience), microphone used (condenser ultrasound microphone Avisoft-Bioacoustics
CM16/CMPA and USG Electret Ultrasound Microphone Avisoft Bioacoustics / Knowles FG)
and genetic background of mice (wild-derived mice of F1-F3 generation and B6D2F1/] labora-
tory mice). See S2 Text for more detailed information on all datasets.

Detection. For USV detection, we applied A-MUD (version 3.2) using its published
default parameters for both the DEV and the EV datasets. Because FPs and syllables are
detected during the detection process, we call the detected segments ‘elements’ rather than ‘syl-
lables’. The parameters that affect A-MUD performance are ol_on, ol_off and if oo is enabled,
oo_on and oo_off, which are amplitude thresholds in decibel. For this study, we use two
A-MUD outputs: the element time slot and the estimated track of the instantaneous frequency
over time (frequency track; FT), called ‘segment info’ (Fig 1). We also compared A-MUD to
the three other detection tools, MUPET, DSQ, and USVSEG. To ensure a comparison, where

Manual Annotation

Audio

5 Human-made labels {Output of classifier)
signal

Filtering

T — = PR, I .
: - ]
TF GT filter Median Zero-
STFT Log ARMA " o
I “ filter  [;*] padding [*> ©%
1 A :
1 i "

(Input of
classifier)

[GS pl'(‘parnlicllJ [ Detection ]

Fig 1. Block diagram showing the procedure for USV detection and input preparation for the classifier. n is the
Gammatone (GT) filter order. STFT, A-MUD, ARMA, and GS are the abbreviation for short-time Fourier transform,
automatic mouse ultrasound detector, autoregressive moving average, and Gammatone spectrograms, respectively. TF
in “TF windowing’ is the abbreviation for time-frequency. In this step, we restrict the spectrogram to the time of
interest, where the segment is detected, and to the frequency of interest, i.e., 20 kHz to 120 kHz.

https://doi.org/10.1371/journal.pchi.1010049.9001
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A-MUD is certainly not privileged, the parameters of A-MUD were fixed while those of the
other approaches were optimized, through trial-and-error, i.e., we used the best parameters,
which provide the highest true positive rates for each detection tool, and not the default set-
tings. The parameters used for evaluating the different tools are presented in S2 Table.

Since the detection tools that we compared in this study were developed and evaluated
using USVs of wild mice (A-MUD) and laboratory mice (DSQ, USVSEG, and MUPET), we
also use USVs from both types of mice for our evaluation (two recordings for wild mice from
the DEV and EV_wild + two recordings for the laboratory mice from EV_lab). The DEV_1 (1
sound file from DEV data), EV_wild_1 (sound file 1 from EV_wild data), EV_lab_1 (sound
file 1 from EV_lab data), and EV_lab_2 (sound file 2 from EV_lab data) signals consist of 947,
771, 1013, and 1224 USVs, respectively.

Manual annotation of detections. After automatically detecting all elements, the DEV
dataset was manually classified into 12 classes (Fig 2), depending on the USVs’ spectro-tempo-
ral features [5-7,9,32,46] (S3 Table). These classes are based on frequency changes [32] (> 5
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Fig 2. Gammatone Spectrograms (GSs) of five members of 12 studied classes. These GSs have the minimum
Manhattan distance to other members of 12 USV classes in the development dataset.

https://doi.org/10.1371/journal.pcbi.1010049.g002
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kHz increase ‘up’, > 5 kHz decrease ‘d’), on the number of components (corresponding to
breaks in the frequency track; ‘c2’ with 2 and ‘c3’” with 3 components), on changes of frequency
direction (> 2 changes ‘c’) or shape (u-shape, ‘w’, u-inverted shape, ‘ui’), on frequency modula-
tion (< 5kHz, ), on time (5-10 ms, s’, < 5ms, ‘us’), and harmonic elements, ‘h’. It is worth
noting that there are 2 more USV classes, USV's with 4 ‘c4’ and 5 ‘c5’ components. Due to their
infrequency, however, they are excluded from the training task (DEV dataset), but they are
used for the evaluation step (EV dataset).

When using low-SNR recordings, or recordings with faint or short USVs, certain back-
ground noises are sometimes mistakenly detected as USVs. These errors are false positives
(FPs), whereas USVs that are missed are false negatives (FNs). As mentioned above, minimiz-
ing one of these types of errors increases the other one, due to inevitable tradeoffs in signal
detection [47]. FPs are preferable over FNs, as they can be excluded in a follow-up step, and
thus we included FP as a target class. The DEV dataset contained 16958 elements including
6465 FPs in total (Table 1).

When comparing our model with DSQ, the EV data (EV_lab and EV_wild) were manually
labeled into 6 classes: ‘c2’, ‘split’ (pool of ‘c3’, ‘c4’, ‘c5’, and ‘h’), ‘c’, “ui’, ‘FP’, and ‘Rise’ (pool of

> ¢

‘up’, ‘d’, f, s, ‘us’, and ‘’). We created the classes ‘split’ and ‘Rise’ because DSQ reported
them together with ‘c2’, °c’, ‘ui’, and ‘FP’ as the output classes. The EV dataset consisted of
4500 elements including FP, of which 1947 and 2615 instances belonged to wild mice and lab-
oratory mice, respectively.

Input images for the classifier. Handcrafted, predetermined features (such as slope,
modulation frequency, number of jumps, etc.) are affected by noise, so the development of a
classifier based on these features increases the error of the classification, as discussed in the
Introduction. Therefore, we developed an image-based supervised classification built on the
STFT of detected elements, followed by a set of filters and a zero-padding method (Fig 1).

After applying the time segmentation obtained from A-MUD, a STFT (NFFT = 750) with a
0.8-overlapped Hamming window is applied to the signals, as shown in Fig 1. The desired
information in the frequency interval of 20 kHz to 120 kHz and in the time interval of detected
elements is extracted (“TF windowing”, Fig 1).

A spectrogram (the squared modulus of the STFT) is often used for the analysis of USV's
and machine learning approaches [16,41]. But the problem is that spectrograms lead to high
computational demands and, because of redundancy, they pose high risks of model overfitting.
Following Van Segbroeck et al. [13], a Gammatone (GT) filter bank [48] was therefore used to
reduce the size of the STFT array along the frequency axis from 251 x 401 to 64 x 401 while
simultaneously maintaining the key spectro-temporal features. It can be interpreted as a pool-
ing operator using a re-weighting step, which is motivated by a comparison with filterbanks
adopted to human auditory perception [49]. Therefore, we adapted the frequency distribution
to make our method applicable to the auditory range of mice.

GT filter bank computations are provided in a MATLAB script by [50]. These computa-
tions were converted into the Python language for the present study. For each filter, a central
frequency and bandwidth are required. The bandwidth and center frequency equations
obtained in MUPET are also employed here (see S2 Text). In MUPET, the midpoint frequency
parameter (Eq 2 in S2 Text) used to calculate the central frequencies was chosen as 75 kHz.
The midpoint frequency can be interpreted as the frequency region where most information is
processed [13]. Because the authors acknowledged that this value may not apply to all mice, we
estimated the optimum value by calculating the median frequency (i.e., 63.5 kHz) from the
FTs of all detected syllables, omitting FPs (S1 Fig). Then, in a pilot test, we updated this value
to 68 kHz to minimize the information loss from USVs. The central frequency was calculated
based only on the DEV data. A more detailed explanation of how to determine these two
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parameters is given in the S2 Text (the Gammatone filterbank section). To further eliminate
the background noise from the images, following MUPET, we calculated the maximum value
between the Gammatone-filtered STFT pixels and the floor noise (107°). The logarithm of the
output was smoothed using an auto-regression moving-average (ARMA) filter [51] with order
1 (S2 Text). Finally, a median filter [52] was applied to remove stationary noise. The product
of the pre-processing is a smoothed, denoised spectrogram with reduced size of 64*401, called
Gammatone spectrograms (GSs). Fig 2 shows the GSs of five samples of each 12 studied clas-
ses. These samples have the minimum Manhattan distance to other members of each class.

CNN classifier. For our study, we used convolutional neural networks (CNNs), a particu-
lar form of the deep neural network [53] first introduced by [54] and further developed by
[55]. A brief description of how this model works, how we implemented it, and how the DSQ
classifier is retrained is provided in the S2 Text.

We have evaluated our classifier for different values of its hyperparameters and architecture
to achieve the best performance. These parameters were the number of convolution layers (i.e.,
3, 4, and 5), the number of filters in each convolution layer (16, 32, 64, and 96), the kernel size
in the first convolution layer (i.e., (3, 3), (5, 5), and (3, 18)), the drop out percentages (i.e., 0.5,
0.6, and 0.7), the size of dense layers (i.e., 32, 64, and 128), and the learning rate (cosine anneal-
ing learning rate scheduler [44], fixed learning rate = 107, and decreasing learning rate =
(107t 57 107%).

In this study, we used categorical cross-entropy (CCE) [53,56]. For the reduction of the
overfitting [57] L* regularization [58] is added to CCE. To optimize the loss function, we used
the stochastic gradient descent with Nesterov momentum [59] and we initialized the weights
of the convolution and FC layers using the He-initialization [60]. To reduce overfitting and to
promote the generalizability of the model [61], we performed the augmentation of the training
dataset using random shifts of width and height by 10%. We chose the following architecture
for the classifier based on the comparison of the model performance on DEV_validation data
(S4 Table).

The architecture of our network is shown in Fig 3. In this depiction, e.g., Conv2D (32,
3*18) denotes a 2-dimensional convolution layer with a kernel size of 3*18 and 32 filters. The
FC (128) is a fully connected layer with 128 neurons. After two FC layers, a dropout layer with
the probability of 0.5 is used. This step reduces the risk of overfitting [62].

Imbalanced data distribution. As shown in Table 1, the DEV_train dataset is signifi-
cantly unbalanced, with 69 occurrences of the ‘c3” and 4849 of the ‘FP’ class, a typical situation
in real applications of machine learning. To investigate how this uneven distribution affects

Feature learning

Classification

Tnput

| Conv 2D (32, 3*18, stride=2) |
Module 1

| Conv 2D (32, 3*3, stride=1) |
Module 1

| Conv 2D (32, 3*3, stride=1) l

Module 1
| Conv 2D (48, 3*3. stride=1) |
Module 1
1 Conv 2D (48, 3*3, stride=1) |
Module 1
Dropout (0.5)
Softmax

Fig 3. Classifier architecture. Module 1 consists of the following layers: Batch normalization + ELU + Maxpooling
2*2. Module 2 consists of the following layers: Batch normalization + ELU. Conv2D (32, 3*18) is a 2-dimensional
convolution layer with a kernel size of 3*18 and the number of filters is 32. FC (128) is a fully connected layer with 128
neurons.

https://doi.org/10.1371/journal.pchi.1010049.g003
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the performance of the classifier, in addition to the original DEV_train data, we fit the model
with resampled DEV_train using three different approaches.

1. In the first approach, the original input data are bootstrapped 10 times to increase the gen-
eralizability and reliability of the classifier [63,64]. Here, we used bootstrap to increase
(decrease) the randomness (variance) during the model development. In each bootstrap
iteration, samples are drawn from the original dataset with repetition, so some samples may
appear more than once or some not at all. Then, we fitted a model for each bootstrapped
dataset. The final model performance was evaluated by the average over the 10 models.
Bootstrapping reduced the ratio of data imbalance from 76 to 4.

2. In the second scenario, all classes, except the classes ‘c3’ and ‘us’, which only have a maxi-
mum data number of 69 and 74, are randomly under-sampled to 124 samples.

3. In the last scenario, all classes, except ‘FP” and ‘up’, are over- and under-sampled to the
number of samples of the majority class, i.e., 4849. We used the Synthetic Minority Over-
sampling Technique Edited Nearest Neighbor (SMOTEENN) [65] and the number of
neighbors was selected as 3.

To tackle the imbalanced distribution, during the model training we also weighed the loss
function inversely proportionally to the number of class members [66] for the original, boot-
strapped, and under-sampled data using the following equation:

WCCE = =37 . cw, y, log log (p,), where cw, =

cxm, v
N and #; are the total number of samples and class members. CCE [53,56] in Eq 4 in the S2
Text was updated to WCCE.

Model ensemble. The weights optimized on a particular dataset are not guaranteed to be
optimal (or even useful) for another dataset. At the same time, different machine-learning
algorithms can lead to different results even for the same dataset. In ensemble methods [45]
the final output is taken from combining the outputs of different models and thus reducing
the variance of the classifier output. Rather than training a model from scratch for different
sets of hyperparameters, we produced 5 trained models during the training of a single model
using Snapshot Ensemble with cosine annealing learning rate scheduler [44]. The use of the
Snapshot Ensemble does not add complexity to the classifier, whereas it does help to take
advantage of ensemble learning without needing to train additional models. The ensembles
were trained consecutively, so the final weights of one model are the initial weights of the next.
In this approach, the CNN weights are saved at the minimum learning rate of each cycle (S2
Fig), which occurs after every 40 epochs. To determine the best combination of these 5 models,
we have cross-validated 4 approaches: 1) using the predictions of the 5th model, 2) using the
average prediction from the last 3 models, 3) combining the predictions of the last 3 models by
Extreme Gradient Boosting Machines (XGBMs) [67], and 4) combining the predictions of all
5 models using XGBMs. In explaining the third and fourth methods, instead of taking the aver-
age of the predictions (used for the second method), the predictions of the last three and five
models of the DEV_validation data together with their ground truth are used for training the
XGBM:s. In this case, the final output of the classifier is the output of XGBMs.

Thus, to develop our classifier, these four ensemble methods were applied for each resam-
pling approach namely under-sampling, over-sampling, and bootstrapping, and for the origi-
nal data.

Inter-observer reliability (IOR). Our ground truth (or ’gold standard’) was based on
manual classification by researchers, and we used two independent observers to classify USV's
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and then to evaluate our ground truth, we evaluated the reliability of our ground using class-
wise inter-observer reliability (IOR). The first 100 USVs of 10 sound files were manually classi-
fied into 15 USV types by two of the authors, and both have much experience (Marconi et al.
[6],Nicolakis et al. [7],Zala et al. [32]). We used five arbitrarily selected sound files from the
DEV dataset and all five sound files used for the EV dataset (EV_wild and EV_lab). Both
observers were blind to their respective labels and the original labels used for the development
or evaluation of our classifier. The USV labels were extracted and exported into Excel files. The
exported parameters included the start time, end time, and USV type of each vocalization.
Then, the labels from both observers were aligned according to the start time of each segment.
Thus, vocalizations with the same starting time were compared between the two observers.
Segments that were labeled as false positives by the observers but detected by A-MUD as can-
didate USVs, were included; and segments that were labeled as unclassified (“uc”) were
excluded from the analyses. Segments classified as the same type by both observers were scored
as agreement’. Segments that were either detected by only one observer or were classified into
a different class were scored as disagreement’. Then, we calculated the percentage of correctly
classified USVs by both observers, reported as IOR. We calculated the IOR for DEV and EV
data for all segments (including FPs), and when including and excluding USVs detected by
only one observer and not the other (i.e., labeled as ‘missed’ USVs). In addition to the original
data, we calculated the IOR and F1-score when excluding ‘s’ and ‘us’ classes, to evaluate how
these two classes affected the IOR, and when pooling the original data into 12, 11, 6, 5, 3, and 2
classes, respectively, to compare the IOR and F1-score with the performance of our classifier.

Results
Comparing detection algorithms

Fig 4 shows the performance (TPR and FDR) of the four detection tools, MUPET, (pretrained)
DSQ, USVSEG, and A-MUD (S1-54 Data). A-MUD was tested using its default parameters,
whereas the others were implemented using the combination of parameters that provided the

100

== DEV 1
B EV_wild_1
mm EV lab_ 1
= EV Jab 2
E mean

True Positive Rate (%)

75

SEG A-MUD MUPET DsQ USVSEG A-MUD
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Fig 4. Best performance of four USV detection methods for four recordings. (A) The True Positive Rate shows the ratio of the number of USVs correctly
detected to the total number of manually detected USVs * 100. (B) The False Detection Rate shows the ratio of the number of unwanted sounds (noise)
incorrectly detected as USVs to the total number of detected elements * 100. Error bars represent the estimated variance calculated from the bootstrap
resampling method. MUPET was implemented with the noise-reduction parameter set at 2, minimum syllable duration of 5 ms, and a minimum frequency of
30 kHz [13]. DSQ used its detection with the short rat call_network_v2 network with a high “recall” parameter [16]. USVSEG applied its detection with the
threshold parameter set at 2.5, the minimum gap between syllables at 5 ms, and the minimum length of USVs at 4 ms [29]. A-MUD was run using its default
parameters [30]. The legend shows the four recordings that were compared for each method (i.e., laboratory mice vs wild mice for both DEV (i.e., DEV_1 and
EV_wild_1) and EV datasets (i.e., EV_lab_1 and EV_lab_2) and the mean of these four recordings. DEV_1 and EV_lab_1 are examples of low-SNR recordings
and EV_lab_2 is an example of high-SNR recording.

https://doi.org/10.1371/journal.pcbi.1010049.9004
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best results for the chosen dataset. We also compared the performance of these methods using
other parameters (S3 Fig).

A-MUD (with the default parameters) and USVSEG (with the tuned parameters) correctly
detected the largest number of USVs (TPRs were all >97%) whereas MUPET had the lowest
mean TPR (90%) (Fig 4). A-MUD and USVSEG also provided the best performance when
evaluating the detection of USVs from low-SNR recordings (DEV_1 and EV_lab_1, which
include USVs from wild-derived and laboratory mice, respectively). We evaluated the perfor-
mance of USVSEG using recordings of laboratory and wild mice and found that it has a higher
TPR for laboratory mice using any of its settings (S3 Fig). This result is likely because this
method is primarily parameterized and evaluated based on recordings of laboratory mice. In
contrast, A-MUD (with the default parameters) has a high TPR for both types of data, despite
that it was parameterized and evaluated using recordings of wild mice only. The presence of
faint USVs (in EV_wild_1) had little effect on the TPR for most methods, except for MUPET.
The TPR for this method was reduced from 93% to 86% when recordings contained faint
USVs. By comparing FDRs, we found that DSQ had the lowest error rates, though it has fewer
mean TPR than A-MUD (93.6% vs 98.6%). This shows that users need to be aware of the limi-
tations of using these tools (like DSQ) without re-training and fine-tuning.

Visual inspection of the results indicates that the highest variance of TPR (~ 1.2%) and FDR
(~1%) when comparing all the tools occurred in the data EV_lab_1. The TPR of USVSEG
reached A-MUD (98.6%), whereas it underperformed A-MUD in terms of FDR (25.7% vs.
13.7%). Also, by examining the output of USVSEG, we found that most of its FPs are frag-
mented faint USVs, so they do not resemble FPs and, thus, must be manually removed from
this group and assigned to the USVs.

Our results also show that A-MUD and USVSEG underestimated the duration of USVs in
wild mice and overestimated them in laboratory mice (S3 Text). The slopes (and intercepts)
between USV duration estimated by the two tools and observations are not statistically differ-
ent (permutation test, p-values > .05). These results can explain some of the errors in the clas-
sification of USVs because overstimulation (underestimation) may cause the inclusion of
noise (removal of useful information) in the USV segmentations. Further investigation of this
error is beyond the scope of this paper.

Selecting the architecture of the classifier

To develop our classifier, the detected elements were first manually classified into 12 types of
USVs (ground truth). In addition to the original data, three types of resampling approaches
were examined (under-sampling, over-sampling, and bootstrapping) to overcome the uneven
distribution between USV classes. For each type of resampling, four model ensemble methods
were applied to the outputs, which include the predictions of the last Snapshot ensemble (‘sn’),
the average prediction of the last 3 Snapshot ensemble models (‘sn_avg_3’), and a combination
of the predictions of the last 3 (‘sn_xgb3’) and 5 Snapshot ensemble models (‘sn_xgb5’) by
XGBMs. To investigate the effect of snapshot ensemble and bootstrapping approaches on
model performance, we considered the classifier trained using a learning rate of 10> (called
‘single model’ in Fig 5) and original data as the baseline. Fig 5 shows the performance of the
models with different combinations of resampling and ensemble methods compared to the
baseline model.

The comparison of F1-score obtained from baseline model (68.9+2.3%) and model trained
using Snapshot ensemble (based on original data) (70.6+1.4%) shows the superiority of Snap-
shot ensemble. In addition, bootstrapping data (without using Snapshot ensemble) increased
the F1-score by about 6% compared to the baseline model. The bootstrap and under-sampling
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Fig 5. Performance of classifiers based on four resampling methods for four types of ensemble models. The single
model performance is only displayed in two types of resampling (including ‘none’ and ‘bootstrapping’), to better
understand the effect of the ‘bootstrapping’ approach on the baseline model (which is based on original data and fixed
learning rate). Using snapshot ensemble-based method, for each type of resampling (including ‘none’, ‘under-
sampling’, ‘over-sampling’, and ‘bootstrapping’), four ensemble models have been applied to the outputs last Snapshot
ensemble (‘sn’), the average prediction of the last 3 Snapshot ensemble models (‘sn_avg_3’), and combining the
predictions of the last 3 (‘sn_xgb3’) and 5 Snapshot ensemble models (‘sn_xgb5’) by XGBMs. The mean + STD of
macro Fl-score of test datasets over 8-fold cross-validation are shown.

https://doi.org/10.1371/journal.pchi.1010049.g005

methods always had the highest and lowest average F1-score, respectively, regardless of the
ensemble method. Using the last model obtained from the Snapshot ensemble gave the highest
average F1-score (76.6%) with bootstrapping. ‘sn_xgb5” outperformed the other ensemble
methods for the original data and two other resampling methods (under-sampling and over-
sampling). The last model of the Snapshot ensemble also provided the lowest variation in boot-
strapped data (STD = 1.4%). The differences between the ensemble methods are not large if
used together with bootstrapping.

Neither the under-sampling (F1-scores = 69%) nor the over-sampling (F1-scores = 73.5%)
methods improved the performance of the model compared to the best model from the origi-
nal data (F1-score = 74.5%). While this result is not surprising for the under-sampled case, the
performance of the oversampling case shows that the variance is here not a problem for small
classes. The poor performance of the model fed by under-sampled data can be attributed to
the random discard of samples and thus the deletion of useful information. The over-sampling
method may have failed to improve the model performance because the images produced by
the SMOTEENN are very similar to the original data (S4 Fig) leading to model overfitting. As
a result, the combination of bootstrapped data and the last Snapshot model (hereafter called
BootSnap) provided the best classifier.

Next, we examined the class-wise performance of the best model for each combination of
resampling and ensembling method, including original + ‘sn_xgb5’, under-sampled +
‘sn_xgb5’, over-sampled + ‘sn_xgb5’, bootstrapped + ‘sn’ (BootSnap), and baseline model. As
shown in Fig 6, BootSnap improved the F1-scores of classes ‘c2’, ‘up’, ‘ui’, ‘c3’, and ‘us’ by
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around 5% and classes ‘d’, ‘h’, ‘v, °c’, and ‘s’ by around 10% or more. It also improved the
F1-score of classes ‘c’ and ‘c3’ by around 5% and class ‘us’ by around 10%, compared to other
combinations of resampling and ensemble methods. The number of classes ‘c3” and ‘us’ in the
original data is lower than in other classes, and bootstrapping seems to effectively increase the
number of class members used during the model development. For classes, ‘c2’, ‘d’, °f, and ‘o,
BootSnap increased the average macro F1-score by around 2%-3%. The classes ‘FP’, ‘h’, “uf’,
and ‘up’ in the original + ‘sn_xgb5” and BootSnap models have approximately equal average
macro Fl-score. Using the XGB output ensembling for bootstrapped data and SMOTEENN
increased model complexity and did not improve the performance of the classifier.

Somewhat surprisingly, the average macro F1-score of the classes ‘h” and ‘ui’ did not
increase by bootstrapping, so it seems that the number of these data points is sufficient for our
method. It appears that bootstrapping did not help only for the class ‘s’, but the abundance of
class members of ‘up’ and ‘FP’ in the original data defused the effect of bootstrapping. The
average macro F1-score of BootSnap in the class ‘s’ is about 2% less than in the model fed by
the original data.

BootSnap also reduced the variation in the macro F1-scores for almost all USV classes, and
the largest reduction in variation was for classes ‘w’, ‘c3’, and ‘us’. However, the classes ‘us’ and
‘c3” had the highest macro F1-score STD in all resampling methods; a result that might be due
to the very low number of samples in these two classes (99 and 93 members respectively).

Evaluating BootSnap for classifying USVs

To evaluate the performance of BootSnap for different types of USVs, we generated a row-wise
normalized confusion matrix (or error matrix) [68] (Fig 7). To prepare this matrix, we used
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the manual annotations and predicted labels from BootSnap of the DEV_test dataset (of
8-fold).

This matrix shows that non-USVs (‘FP’) were classified with the highest recall (94%), which
indicates that our model can successfully detect most falsely identified signals, and exclude
them from further processing. It also shows that 40% to 92% of different types of USVs were
accurately classified. The lowest recall was the "us’ class, and more than 40% of ‘us’ were mis-
takenly labeled as class ‘s’ and 14% of the total members were assigned to the class ‘FP’. The
classification of ‘s’ syllables (76%) was much more accurate than ‘us’, and the highest FNR
value of this class (‘s’) belongs to the class ‘us’. The misclassification of these two classes can be
attributed to the use of the USVs length as the only feature used for manual classification,
which is not reliable ('us’ also shows much lower inter-observer repeatability in manual classi-
fication than other classes; S5 Fig). Class ‘c3” had the second-lowest recall (63%), and most of
its FN's were found with the classes ‘b’ (17%), ‘c2’ (9%), and ‘c’ (5%). These errors were due to
the occurrence of harmonic patterns or faint jumps in the class ‘c3’. The class ‘c’ had the third-
lowest recall (67%), despite having a high number of members. The problem is that ’c’ syllables
were often mis-assigned due to their similarity in the spectrograms to ‘ui’, ‘w’, and ‘up’ types,
which resulted in the highest FN rates in these three classes. Examination of the misclassified
members of the class ‘h’ indicates that they were often assigned to the class ‘. The highest por-
tion of FNR (17%) of the class ‘c3’ is found with the class ‘h’. The FNR of the class ‘h’ is 5%
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with class ‘c3’. In other words, the members of the class ‘c3’ are much more likely to be mis-
taken as the class ‘h’ than vice versa. It is because harmonic patterns are frequently seen with
the second element (out of three elements) in the class ‘c3’, whereas the opposite rarely
occurred in our recordings.

As shown in Fig 2, members of the class ‘d’ resemble the members of class ‘f’, which resulted
in the class ‘d” having the most FNs with the class ‘f’. While there is no distinguished pattern of
FNs distribution in other classes, it is important to note that FNs of the classes ‘c2” and ‘c3’
mostly occur among themselves. Thus, the performance of the classifier is improved after pool-
ing the ‘c2’ and ‘c3’ classes, as we show next.

Inference classification

Since it is unclear whether and how mice classify USVs, we report the performance of the best
classifier (BootSnap) based on the different number of classes proposed in previous studies
(Table 2). It is important to note that, unlike previous studies, we considered ‘FP” as a target
class. Since BootSnap was trained using 12 classes, we pooled different types of calls in various
combinations, especially for the most similar types of syllables, to compare its performance
with existing literature treating other numbers of classes. This comparison provides some
insights into the classification of types of USVs by researchers.

The number of USV classes studied here ranged between 2 and 12 different types. As
expected, classifying all 12 classes provided the lowest F1-score (76.6 + 1.4%). In the next step,
the classes ‘us’ and ‘s’, which differ only in their duration, were pooled to form a new class,
labeled ‘short’. By combining these two classes, we expectedly found a significant increase in
the Fl-score (81.1 + 1.6%). In addition, by combining these two classes, a significant number
of ‘us’ and ‘s’ types, which were mistakenly assigned as each other (Fig 7), were correctly classi-
fied as ‘short’. In the next step, the classes ‘up’, ‘d’, ‘f, °s’, ‘us’, and ‘u” were pooled to form the
class called ‘Rise’, and the classes ‘c3’ and ‘h’ were included in the class ‘split’. Aside from the
class ‘w’, a common feature between classes pooled into ‘Rise” was having no changes in their
frequency direction. These classes were mostly false positives in the 12-member classification,
and thus, after pooling, the F1-score significantly increased to 86.7+1.9%, compared to the
11-class classification.

Then, according to Wang et al. [69], the number of classes was reduced to five. We pooled
the classes ‘ui’, ‘c’, and ‘Rise’. These classes have no jumps in their spectrograms and thus the
pooled new class was labeled ‘no-jump’. Also, the classes ‘h” and ‘c3’, which were pooled in the
previous step into the class ‘split’, were separated again, but unlike the previous steps, the
F1-score decreased (ca. 0.2%). This result might have been due to the separation of classes ‘h’
and ‘c3’ causing a large number of members of the latter class to be classified in the former

Table 2. BootSnap performance in classifying the DEV_test dataset in various combinations of classes.

Basis of classifications # of classes
original 12 FP
Pool ‘s’ and ‘us’ 11 FP
FP
Simple/complex 5 FP
F- jumps 3 FP
FP/USV 2 FP

Different combinations of syllable types Adapted from F1-score (%)
up d f s Us u ui c c2 c3 h [32]* 76.7+1.4
up d f Short u ui c c2 c3 h [5,46] 81.1+1.6

Rise ui c c2 split [16] 86.7+1.9
no-jump c2 c3 h [69] 86.5+2.2
no-jump jumps and [10] 95.4+0.6

harmonics
UsSv - 97.1+£0.4

*There are more references for 12 classes classification including [46], [5], [7], [6], and [9].

https://doi.org/10.1371/journal.pchi.1010049.t002
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Table 3. Comparison of pretrained DSQ (out of box model), retrained DSQ, and BootSnap performances. The performance metric is calculated based on supervised
classification of USVs in EV_wild and EV_lab recordings. The values of macro F1-score (which is the average of F1-score over all classes) and class-wise F1-score
(F1-score computed for each class) together with their resampling-based variance estimation are presented.

Scheme macro Fl-score (%) Class-wise F1-score (%)
c c2 split FP Rise ui
EV_wild
pretrained_DSQ 41%1 00 4443 5643 50+3 82+1 1243
retrained_DSQ 66:+2 3048 5043 8341 98+1 921 41%5
BootSnap 67£1.6 3516 5813 58+3 93+1 92+0 66:+4
EV_lab
pretrained_DSQ 49+1 2443 43+3 74x1 6612 69+2 1644
retrained_DSQ 40+1 8+2 48+2 53+2 54+2 71+ 6+2
BootSnap 64+1 38+4 93+1 84+1 77+1 6 28+3

https://doi.org/10.1371/journal.pcbi.1010049.t003

class (Fig 7). In the next step, all the members of the classes ‘c2’, ‘c3’, and ‘h’ were pooled into
the class jumps and harmonics’ and compared with the classes ‘FP’ and ‘no-jump’. As men-
tioned before, all the FNss of the classes ‘c2” and ‘c3’ were from each other (Fig 7), and as a
result, pooling them in one class yielded an F1-score of about 95.4 + 0.6%. Finally, we classified
syllables and ‘FP” into two separate classes, and this simple binary classification, which was
mostly used in the USV detection step, was able to differentiate USVs from FPs with an
Fl-score of 97.1 + 0.4%. These results again show how the performance of BootSnap depends
upon the type of USV, and that pooling certain classes results in better accuracy. Pooling the
USV classes in various combinations provides future researchers with a basis to compare their
classifiers producing a different number of target classes with BootSnap.

Comparing BootSnap and DSQ: transferability to new datasets

We compared the performance of BootSnap to DSQ, which we consider to provide the state-
of-the-art classification tool, and we used the EV_wild and EV_lab signals (Table 3 and S5 and
S6 Data). As discussed in the Data section, the EV_wild data were obtained from wild-derived
house mice (as in DEV), but under different conditions [6] and EV_lab data were from the
MouseTube dataset (which is used for developing the original DSQ). To fairly evaluate the per-
formance of the DSQ classifier, we have evaluated both the out-of-the-box (pretrained) and
retrained models. In the out-of-the-box model, we have used classifier weights obtained from
the original DSQ paper. In the retrained model, we used the classifier weights obtained from
training the DSQ classifier using DEV data (S2 Text). Note that for BootSnap we have used the
weights that were learned with the original training data (DEV_train). So, we did not retrain
DSQ and BootSnap based on EV data, because this would then be a new learning approach
and not an evaluation of the generalizability of the two approaches. BootSnap predictions were
pooled into 6 classes, which included ‘Rise’, ‘split’, ‘ui’, ‘c2’, and ‘¢’ (DSQ reported them as the
output classes), and ‘FP’. DSQ distinguishes FPs from USVs using a post hoc denoising net-
work [16] before the classification step. For comparison, we considered ‘FP’ as one of DSQ’s
final outputs. Since BootSnap was developed based on 8 folds, we used the mode of 8 predic-
tions to compare it with the DSQ output. It is also important to note that A-MUD was used to
detect USVs in both algorithms to provide a fair basis for comparing the classification step in
DSQ and BootSnap (this improved the average detection rate of DSQ by 5%).

As expected, all three methods-BootSnap and pretrained and retrained DSQ-performed
better for the types of mice that were used to train them (wild mice for BootSnap, laboratory
mice for the pretrained DSQ, and wild mice for the retrained DSQ, respectively; Table 3). DSQ
had F1-scores of 41% (pretrained) and 66% (retrained) for wild mice and 49% (pretrained)
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Fig 8. Scatterplots of USVs from three classes comparing different types of data and mice. 3-dimensional t-distributed stochastic neighbor embedding (t-
SNE) representation of the classes (A) ‘C’, (B) ‘ui’, and (C) ‘Rise’ are shown. Colors indicate the dataset to which USVs belong.
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and 40% (retrained) for laboratory mice. BootSnap had an F1-score of 67% and 64% for wild
and laboratory mice, respectively. Nevertheless, BootSnap outperformed pretrained and
retrained DSQ for both types of mice overall. In terms of class-wise performance, BootSnap
performed better than pretrained DSQ in nearly all the classes (‘C’, ‘c2’, ‘split’, ‘FP’, and ‘uf’,
with higher F1-scores of 32%, 14%, 2%, 43%, and 54% for the EV_wild and higher F1-scores of
14%, 50%, 10%, 11%, and 12% for the EV_lab). The pretrained DSQ outperformed BootSnap
for the EV_lab for one class, ‘rise’. Retrained DSQ outperformed BootSnap in the classes ‘split’
and ‘FP’ in the EV_wild and the class ‘Rise’ in EV_lab. Regarding resampling-based variance
estimation, the classes with a higher F1-score have less variance, which indicates that the result
of that class (e.g., class ‘split’ in EV_lab) is more consistent.

Once again, an important point for developing and assessing the performance of a classifier
is its generalizability, i.e., how well the model works when classifying data not used for the
model development. In reviewing the above results, we observed that both DSQ and BootSnap
had a relatively poor performance in the classification of the classes ‘ui’ and ‘c’. Further exami-
nations showed that the decline in their performance in these classes was due to the significant
distance between new data and their training data. This distance is best seen in the three-
dimensional t-distributed stochastic neighbor embedding (t-SNE) [70] representation (using
the initial dimension of 40, the perplexity of 50, and the number of iterations of 2000) on vec-
torized GSs from both the DEV and EV datasets shown in Fig 8. The F1-scores of ‘ui’ and ‘¢’
classes were very low for both BootSnap and DSQ for laboratory and wild mice, still, BootSnap
outperformed DSQ. In the class ‘Rise’, there was large overlap between the USVs of wild and
laboratory mice, which is in contrast with the classes ‘ui’ and ‘c’ (Fig 8C). Thus, the perfor-
mance of both models for this class was much better than for other classes.

As a side remark, not directly linked to the topic of this paper, let us note that considering
the data representation in Fig 8, the data from wild mice (DEV and EV_wild) and laboratory
mice (EV_lab) could be effectively clustered using the samples from the ‘c’ and ‘ui’ classes.

Inter-observer reliability

When calculating the inter-observer reliability (IOR), excluding ‘missed’ segments, for the
DEV dataset (n = 631 segments from 5 soundfiles) (57 Data), we found ca. 80% agreement
between two independent observers and ca. 84% agreement for the EV dataset (n = 578 seg-
ments from 5 soundfiles) (S8 Data), when including all classes (Tables 4 and S5). The removal
of the ‘missed’ segments from all class combinations has a larger effect on IOR in the DEV
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Table 4. Interobserver reliability and resampling-based variance estimation for the subsets of DEV and EV datasets. IOR values (in percentage) are given for different
combinations of classes. Two IOR values are presented for each data and each combination of classes: IOR including ‘missed’ segments and IOR excluding ‘missed’

segments.
Interobserver reliability in various combinations of classes (%)
Data Original Excluding ‘s’ and ‘us’ 12 classes 11 classes 6 classes 5 classes 3 classes 2 classes
DEV 79.5%1.6 83.6£1.6 79.5%1.6 80.6+1.6 83.8+1.1 89.2+1.1 89.2+0.8 92.4+0.8
85.6+1.4 87.4+1.4 85.6+1.4 86.8+1.2 90.2+1.2 96+1.2 96+0.9 99.5+0.4
EV 84+1.6 85.6£1.6 88.7+1.4 88.9+1.3 90.1+1.3 93.2£1.1 94.6+1.1 97.9+0.7
85.7+1.4 86.4+1.4 90.5+1.4 90.6+1.2 92+1.2 95+1.2 96.5+0.8 99.8+0.5

https://doi.org/10.1371/journal.pcbi.1010049.t004

data than in the EV data. This is probably because most of the USVs in the DEV dataset have
low-SNR or they have a lower amplitude compared to USVs in the EV dataset since the EV
dataset includes the EV_lab files which usually have a high-SNR. So, in the EV data, the proba-
bility of error in the detection tool and observer is lower due to the presence of louder USVs.

Excluding the ‘us’ and ‘s’ USVs increased the IOR to 84% for the DEV data (9% of the seg-
ments excluded) and to 86% for the EV data (3.6% of the segments excluded), respectively. A
detailed comparison of the manual classification by the two observers (S5 Fig) showed that the
USV types ‘us’, ‘s, ‘up’, ‘W, ‘h’, °c, ‘¢3’, ‘c2’, and ‘ui’ in the DEV dataset and ‘us’, °s’, ‘up’, ‘b’
‘c4’, ‘c5’, and ‘ui’ in the EV dataset accounted for the highest disagreement between observers.
The disagreement for the type ‘us’ was likely due to detection error since ‘us’ USVs have <5
ms duration and be easy to be overlooked by another observer in noisy recordings. If there is a
disagreement in the length of USV's (due to faint USVs or background noise) between observ-
ers, an “us” might be classified as ‘s’ and ‘s’ USV might be classified as ‘d’ or ‘us’. We observed
alow number of ‘s’ and ‘us’ types when analyzing the EV dataset, especially within the record-
ings from laboratory mice (9% of ‘us’ and ‘s’ in the DEV dataset compared to 3.6% in the EV
dataset). Additionally, there can be disagreement between the USV types ‘up’ and ‘ui’. This
error is likely to occur due to the threshold of 5 kHz to measure the frequency modulation and
used to distinguish between ‘up’ and ‘ui’. USV's with upward frequency modulation of >5 kHz
(‘up’) often ends with a slight downward frequency modulation, which can be close to 5 kHz.
USVs often have a lower amplitude at the start or the end of the vocalization, and sometimes it
can be difficult to measure the exact frequency modulation in a spectrogram. In summary, the
main misclassifications are between 1) ‘us’ and s’, 2) ‘c3” and ‘h’, 3) ‘c3’, ‘c2’, and ‘c’, 4) ‘c’, ‘ui’,
‘w’, and ‘up’, and 5) ‘d’ and ‘f. Usually, the fuzzy transition between the types is the main prob-
lem in manual classification. Thus, although USV syllables are discrete, they are not all very
discrete, especially when the USVs are classified into a large number of classes (e.g., more than
5 according to Table 2). These findings confirm that the main difficulties of BootSnap and the
manual classification are similar.

In our datasets, errors in manual classification were mainly due to (i) high background
noise, (ii) duration or frequency thresholds used to define USV types, (iii) low or high ampli-
tude of USVs (iv), and “noisy” vocalizations with many frequency-jumps emitted by laboratory
mice. The disagreement in the manual classification of certain syllable types highlights the
importance of finding a biologically relevant number of different USV classes, which can be
reliably differentiated with low error rates by different observers.

Similar to the BootSnap F1-score, the IOR (Table 4) and F1-score (Table 5) of IOR data
improved as we pooled the classes into fewer groups. For example, the IOR improved from 6
to 5 classes classification in the DEV (from 84% to 89%) and EV (from 90% to 93%) datasets.
The improved IOR to 89% (DEV) and 94% (EV) after pooling all USV's with or without fre-
quency jumps suggests that this might be a potential classification method, as this is more
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Table 5. F1-score of the DEV_test and subsets of DEV (DEV_IOR) and EV datasets (EV_IOR) for IOR calculation. F1-score values (in percentage) are given for dif-
ferent combinations of classes. The numbers provided for DEV_test is the same as the numbers in Table 4. They are presented here again for easier comparison. Since we
do not have ‘missed’ segments in the DEV _test data, these segments are removed when calculating the F1 score of DEV_IOR and EV_IOR datasets.

Setting
12
DEV_test 76.7x1.7
DEV_IOR 73.4+4.5
EV_IOR 82.8+3.5

https://doi.org/10.1371/journal.pcbi.1010049.t005

F1-score in various combinations of classes (%)

11 6 5 3 2
81.1+1.6 86.7+1.9 86.5+2.2 95.4+0.6 97.1+0.4
77.6+4.7 81.8+5.2 80.3+5.6 91+2 99.2+0.4
83.9+2.7 89.7£1.9 84.2+3.6 97+0.6 99.6+0.4

reliable between observers compared to a classification using >12 USV types. Additionally,
manual classification showed an agreement of 92% (DEV) and 98% (EV) when distinguishing
between USVs and ‘FP’ segments. The IOR increased to 99.5% (DEV) and 99.8% (EV) when
excluding ‘missed’ segments.

Table 5 shows that in nearly all combinations of classes, the F1-score of DEV _test data (cal-
culated between ground truth and BootSnap output) is similar to the F1-score of EV_IOR and
higher than DEV_IOR datasets. The F1-score of EV_IOR and DEV_IOR datasets are calcu-
lated between two observers’ labels. It can be concluded that the value of the F1-score generally
increases with the pooling of the classes, and BootSnap classifies USV's with approximately
equal accuracy as humans.

Comparing BootSnap and DSQ: sensitivity to new classes

One of the main performance factors of a classifier is how well it deals with classes for which it
was not trained. The DEV data does not contain samples from two classes, ‘c4’ and ‘c5’. There-
fore, to address this issue, we analyzed the performance of pretrained and retrained DSQ and
BootSnap focusing on these two classes, which were present in EV_wild data.

The results show that BootSnap assigned 68% and 32% of the members of these two classes
to the classes ‘c2’ and ‘c3’, respectively. It is noteworthy that both ‘c2’ and ‘c3’ classes represent
jump-included USVs, which is also a prominent feature of the classes ‘c4’ and ‘c5’. Pretrained
DSQ (retrained DSQ) assigned 3% (0%), 13% (6%), 46% (93%), 3% (0%), and 35% (1%) of the
members of the classes ‘c4” and ‘c5’ to the classes ‘c’, ‘c2’, ‘c3’, ‘rise’, and ‘ui’, respectively.
Although the class ‘ui’ is relatively similar to the ‘c4’ and ‘c5’ classes based on visual inspection
(S6 Fig), the difference is that there is no jump in the class ‘ui’ to which pretrained DSQ incor-
rectly assigned a significant number of classes ‘c4’ and ‘c5’. Thus, we conclude that BootSnap
uses a measure of similarity more fitted to USVs than pretrained DSQ, assigning new class
samples to the most similar classes in the training data. The retrained DSQ, like BootSnap,
assigned mostly all members of the classes ‘c4’ and ‘c5’ to jump-included classes (‘c2’ and ‘c3’).

Discussion and conclusions

The most important and novel contributions of our analyses include the following. First, we
evaluated the performance and generalizability of four detection methods with each other, and
we also assessed their absolute performance using ground truth. Only a few detection tools
have been compared in previous studies, and they did not use a ground truth, or if so, they had
a very small sample size. For example, the data for our ground truth consisted of 40 times
more samples than the pretrained DSQ detector (i.e., 4000 vs 100), and therefore, our results
should be much more robust. We used recordings from both wild house mice (M. musculus
musculus) and laboratory mice, whereas most USV detection tools are designed (or machines
are trained) using data from one or a few strains of laboratory mice. We found that A-MUD
provided better overall performance compared to other detection methods, and without the
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need for any manual parameter tuning or custom training of the networks. Second, we devel-
oped BootSnap, a new method for USV detection refinement (removing false positives or data
cleaning) and classification, and we compared its performance and ability to generalize to
novel datasets with DSQ classifier. We found that our new classification method outperformed
DSQ-both the pretrained and retrained model-in nearly all aspects, including USVs of both
the wild and laboratory mice. Below we address our main results in greater detail.

Comparing USV detection tools

Our first aim was to compare USV detection methods and evaluate their relative and absolute
performance. We used wild mice, as well as laboratory mice, and we also compared recordings
that had background noise (DEV_1 and EV_lab_1 signals) and faint (EV_wild_1) elements.
We found that A-MUD and USVSEG detected the largest number of actual USVs (TPRs were
all > 97% with A-MUD’s default parameters and with the adaptive optimal parameters of
USVSEG). DSQ and MUPET had the lowest mean TPRs (94% and 90%, respectively), and the
pretrained (out-of-the-box) DSQ detector had the lowest FDR. Although DSQ has a lower
FDR than other methods, it failed to detect ca. 6% of USVs on average, and to reduce FNR,
one would need to train the detection network with labeled data, which would require manu-
ally resizing the window of each segment and its label (noise / USV). Although this can be
done graphically in DSQ, it ultimately requires much manual intervention (user input).

USVSEG had a somewhat higher TPR for laboratory mice using any of its settings (99%)
than wild mice (96%), and this is likely because USVSEG was primarily developed based on
recordings of laboratory mice. A-MUD was parameterized using recordings of wild mice,
though it still had high TPRs for both types of data, indicating that it is more generalizable
than USVSEG. Unlike A-MUD, which was implemented using its default parameters, USV-
SEG has different performances for different parameter inputs. For example, in USVSEG, the
use of the threshold parameter of 2.5, the minimum gap between syllables of 30 ms, and the
minimum length of USVs of 4 ms leads to a significant increase in TPR for wild mouse data
(above 90%) and a decrease in TPR for laboratory mice data (approximately 62%). While
using a gap of 5 ms leads to improved TPR in both data sets. Another point is that the develop-
ers of USVSEG have suggested the user change the threshold parameter between 3.5 and 5.5.
But we obtained the best performance of USVSEG for the wild mice data when the threshold
was set to 2.5. We compared the performance of USVSEG and A-MUD for estimating the
duration of USVs. Both methods underestimated the duration of USVs in wild mice and over-
estimated them in laboratory mice.

We compared how USVSEG and A-MUD detect USVs to better understand how these
methods differ. USVSEG detects USVs using the following steps:

1. it calculates spectrograms using the multitaper method, which smooths the spectrogram
and reduces background noises;

2. it flattens the spectrogram using cepstral filtering, which is performed by replacing the first
three cepstral coefficients to zero and subtracting the median of the spectrogram (flattening
eliminates impulse and constant background noises); and

3. it estimates the level of background noise to make a threshold for the resulting
spectrogram.

In contrast, A-MUD (version 3.2) detects USVs using the following steps:

1. it applies an exponential mean to the spectrograms to reduce the noise contribution;
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2. it estimates the envelope of the spectrograms using 6-8 cepstral DCT coefficients;

3. it computes the segmentation parameters, which are the amplitudes (m1-m3) and frequen-
cies (f1-13) of the three highest peaks in the spectrum for each time position; and

4. it searches for a segment based on 4 threshold values.

The reason that A-MUD (version 3.2) and USVSEG outperformed MUPET is presumably
that A-MUD uses flattening rather than spectral subtraction for denoising. On the other hand,
it seems that USVSEG in some cases leads to the failure of detection of ultrashort USVs, the
false detection of two USVs as a single USV, the false segmentation of one USV as two or more
USVs.

To summarize, A-MUD provides better overall performance compared to other methods
for detecting USVs in audio recordings and without the need for any parameter tuning or cus-
tom training of the networks. For these reasons, we utilized A-MUD for our subsequent USV
detection.

Comparing USV classification methods

Our second aim was to develop a new method for USV detection refinement and classification
and compare its performance and generalizability with DSQ. To develop the classifier and to
overcome the uneven distribution of classes, we examined three types of resampling
approaches, under-sampling, over-sampling, and bootstrapping. For each type of resampling,
four model ensemble methods were applied to the outputs: the predictions of the last Snapshot
ensemble; the average prediction of the last 3 Snapshot ensemble models; and a combination
of the predictions of the last 3 and 5 Snapshot ensemble models by XGBMs. We found that the
differences between the ensemble methods are not large if used together with bootstrapping.
This result can be interpreted in such a way that the ensemble of the models derived from
bootstrapped data is already compensating for the uneven distribution statistically. We used
bootstrapped data and the last model of snapshot ensembles as the best classifier ('BootSnap’).
The classifier had the highest errors with classifying ultrashort (‘us’) USVs mainly due to their
similarity with ‘s’ USVs. These USVs do not differ qualitatively, they are not actually different
syllable types, as they differ only in length. Another classification error was due to confusing ‘c’
and ‘c3’ syllables. The low recall in classifying ‘c3’ syllable types was likely due to their small
number used for training, and also because some members have a harmonic element, much
like ‘h’ types. The similarity in the spectrograms of ’c’ to other classes as 'ui’, "w’, and "up’ classes
lead to errors in the classification of this class. On the other hand, the model classifies classes
‘up’, ‘FP’, and ‘c2’ with a recall higher than 90% and classes ‘ui’, ‘v’ and ’f with a recall of more
than 85%. These classes have a relatively larger number of members compared to other classes
(‘us’ and ‘c3’) and their spectrograms are relatively different from each other. The overall
F1-score of the model increased from 76.7% to 81.1% by pooling ‘s’ and ‘us’ classes, which
resulted in a more robust classification.

We compared the performance of BootSnap to the pretrained (out-of-the-box) and
retrained DSQ classifier, which is currently the state-of-the-art classification tool. DSQ is a
user-friendly and straightforward tool for analyzing mouse vocalizations and the user can
train it for their data without the need for programming. In this analysis, however, we exam-
ined its generalizability and its out-of-the-box usability for novel data, as most users currently
use this tool. It uses a 6-member syllable classification that includes ‘Rise’, ‘split’, ‘ui’, ‘c2’, ‘FP’,
and ‘c’ types (i.e., a simpler classification approach based on 6 classes, Table 3). USVs from
wild mice as well as laboratory mice were used to evaluate the generalizability of these two clas-
sifiers. As expected, in the BootSnap classifier (and in the retrained DSQ classifier, as well), the
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closer the data is to the training domain, the better the overall performance. It has 87+1.9%
F1-score for 6-class classification of USVs on DEV _test data (Table 2), but about 65% F1-score
for EV datasets. We found that our new classification method outperformed both pretrained
and retrained DSQ classifiers in nearly all aspects, including USVs of both the wild and labora-
tory mice (macro-F1 score of 66% vs 47% and 49%). Again, it is important to emphasize that
the performance of retrained DSQ was worse than pretrained DSQ for EV_lab. The main rea-
son for its reduced performance is likely due to the absence of laboratory mice in the DEV
data, which would indicate that DSQ is less generalizable than BootSnap. This difference in
performance is mainly because the DSQ classifier was developed using an architecture similar
to our baseline model fed by high-SNR data, compromising its performance with new low-
SNR recordings. In contrast, we used low-SNR data to develop our classifier and aimed to
enhance its ability to generalize. We also used the Ensemble learning method, which is based
on the Snapshot Ensemble and Bootstrapped input data for training the classifier. In Ensemble
learning, base models are combined to prevent the final model from either overfitting or
underfitting, making the model more stable and generalizable. So, the novelty of BootSnap
comes from a clever combination of bootstrapping approach, snapshot ensemble, and Gam-
matone spectrograms.

BootSnap and the retrained DSQ classifier showed better performance than the pretrained
(out-of-the-box) DSQ classifier in assigning new class samples to the most similar classes in
training data. For example, our results show that the BootSnap retrained DSQ classifier
assigned all instances with more than 3 jumps (similar to those not found in the training data)
to similar classes with less than 3 jumps. However, the pretrained DSQ classifier allocated 30%
of these new samples to the class without any jumps. The success of BootSnap as well as the
retrained DSQ classifiers in assigning new class samples is due to the similarity of the data
used for their development and EV_wild data. Our method also detects noise in new data
much more accurately (F1-score of 93+1% vs. about 50+3% for EV_wild and 77+1% vs. 66
+2% for EV_lab), and thus it is more useful for low-SNR data, which is a common challenge
for USVs studies-especially studies aiming to record animals under social contexts. Also, Boot-
Snap requires less user intervention to classify USVs, as for USVs classification using DSQ the
user must first modify the frequency interval of USVs and then apply the classifier on them.
But in BootSnap, after performing the detection by A-MUD, the whole interval of 20 kHz-120
kHz is used for classification. Another advantage in using BootSnap is that it is based on open-
source software (Python) and, thus, it is free of charge, whereas DSQ is based on proprietary
software (MATLAB), and requires the purchase of required licenses.

While completing the final draft of our present manuscript, a new tool, called "VocalMat’
[71], was published that detects and classifies USVs into 11 categories. The VocalMat classifier
is trained on the USVs of mouse pups (5 to 15 days old) of both sexes of several inbred strains,
including C57BL6/J, NZO/HILt] (New Zealand Obese), 129S1/Svim], NOD/ShiLt] (Non-
obese Diabetic NOD), and PWK/Ph]J (descendants from a single pair of Mus musculus muscu-
lus). It was developed using USVs in the frequency range of 45 kHz to 140 kHz. After contrast
enhancement and applying several filters, the authors calculated the spectrogram (with the size
of 227*227) of 12954 detected elements. Its classifier is the AlexNet model [72], which was pre-
trained on the ImageNet dataset. Like other studies, this classifier was not compared with
other USV tools and the results on its generalizability were not provided. We evaluated the
performance of VocalMat on its test data and found that the average class-wise accuracy is
79%, whereas BootSnap yielded an average class-wise accuracy of 83% for classifying DEV_ test
elements into 11 classes. The differences in the performances of these tools could be due to dif-
ferences in the test data used for evaluation.
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Evaluating ground truth: inter-observer reliability (IOR)

To our knowledge, this is the first time that the class-wise inter-observer reliability (IOR) of
the ground truth, used to assess machine performance, has been evaluated. According to the
IOR results, the agreement between two observers in the DEV and EV dataset was 80+1.6%
and 89+1.4%, respectively. The mentioned values are related to the classification of segments
into 12 classes. The USV classification was based both on A-MUD detections and on segments
that were missed by A-MUD but manually detected by one or both observers. A closer look at
the results reveals that mislabeling members of the classes ‘us’ as ‘s’, ‘ui’ as ‘up’, and ‘c’ as ‘ui’
and to a lesser degree as ‘up’, and vice versa, is very likely. The reason for these errors in man-
ual classification is their sensitivity to the arbitrary threshold (based on duration or modula-
tion frequency) used in their definitions. In addition, the mislabeling can also occur in class
‘h’, as this class may include faint harmonic elements. Hence, part of the classification error of
automated classification can be attributed to the error in the manual labeling of segments.
However, any of these classes can be pooled to improve classification (from 80+1.6% using a
12-class classification to 84+ 1.1% using 6-classes or to 92+0.8% using 2-class classification, see
DEV dataset in Table 4), and such pooling also improved the F1-score of BootSnap (F1-score
changed from 77% of 12-class classification to 87% of 6-class and 97% of 2-class classification,
Table 2). Thus, pooling some types of USVs together improves the accuracy of BootSnap,
which is expected since some types are very similar to each other. Consequently, BootSnap can
be expected to perform better when classifying fewer types of syllables and that BootSnap can
classify USVs with an accuracy similar to the results obtained from human inter-observer reli-
ability. It is no surprise that the particular USVs that BootSnap does not classify well are the
same ones that humans fail to show consistency. This result suggests that these types of USVs
could just be human inventions, though it is certainly still possible that mice might treat them
differently.

Outlook on USV classification

Our USV classification method is supervised, as with other models, and if users want to retrain
the algorithm using their own recordings of mice, then manually labeled data must be pro-
vided. And despite the outperformance of BootSnap over DSQ, BootSnap still has difficulties
with classifying new data containing complex USVs (with no jumps), u-inverted, and 1-jump
USVs. Considering that our best model is based on the bootstrap technique, the computation
time increases as the number of bootstrap iterations increases. By default, 10 repetitions are
used for BootSnap, which means that BootSnap calculations will be 10 times slower than simi-
lar models. Because manual labeling of data is a difficult and time-consuming task, it is impor-
tant to be able to apply a model trained on a single data source to other data as well. So, to
further improve the generalizability of a classifier, in addition to implementing the bootstrap
technique, we will increase the number of samples in the future by using more recordings. We
expect that this approach will increase the predictive power of our classifier.

In summary, our ultimate goal was to develop an automated algorithm that provides an
out-of-the-box method whose performance is as good or better than a human observer (man-
ual classification). The human F1-score in EV data was higher than the F1-score of the out-of-
the-box BootSnap model (89.7+1.9% vs 67%, respectively). Although BootSnap does not yet
achieve our original aim, this first version provides an advance, as it outperforms other meth-
ods, including the state-of-the-art model (DSQ; 47% pretrained and 49% retrained). This
leaves room for future research.

We emphasize that USVs have been classified by human researchers based on visual inspec-
tion of spectrograms or statistical clustering models, and very little is known about whether or
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how mice can discriminate most of the various types of USVs that have been proposed. Mice
can distinguish frequencies that differ by only 3% [73], and they can be trained to discriminate
between simple versus complex USVs, and among certain variations in shape and frequency
[74]. They can be trained to discriminate among USVs depending upon their spectro-temporal
similarity, and they discriminate complex calls and up-shapes, but not u-shaped calls [75].
Mice fail to discriminate between synthetic sounds with different shapes, i.e., ‘up’- vs. down-
shapes [76]; however, the shapes of these synthesized sounds were very different from mouse
USVs, and may have lacked characteristics that mice use for discrimination. More studies are
needed to describe USVs produced in different contexts, and also determine whether mice can
discriminate among different types of USVs. Such perception studies should include record-
ings with normal ranges of variation of syllable types within and between each category (i.e.,
mice should be better able to discriminate between- versus within-syllable type variation).
Until such studies are conducted, the various types of USVs that have been proposed would be
more accurately labeled as USV variants or putative call types.
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S1 Fig. (A) Distribution of USVs Frequency Track (FT) values, extracted by A-MUD. The
FT values are related to all detected syllables, omitting false positives. (B) The frequency
response of 32 Gammatone filters (we have used 64 filters, but for simplicity 32 filters are plot-
ted here) at the frequency range of 20 kHz to 120 kHz. (C) Two examples of the USVs spectro-
gram before (top row) and after applying the Gammatone filter and post-processing step
(bottom row). This image shows that by applying the preprocessing steps on the spectrogram,
the important information of the USVs is not lost, even though the size of the images is
reduced from 251 x 401 to 64 x 401.

(TIF)

S2 Fig. Schedule scheme used for the learning rate. Using this scheme of the learning rate,
the final weights of the model at every 40 epochs are the initial weights of the model in the next
epoch. In this approach, the CNN weights are saved at the minimum learning rate of each
cycle, i.e., at every 40 epochs.

(TIF)

S3 Fig. (A) true positive rate (TPR) and (B) false detection rate (FDR) of detection tools. In
the main text, we compared the performance of 4 USV detection tools (USVSEG, A-MUD,
DSQ, and MUPET) in a setting (i.e., input parameters) of which the selected parameters lead
to their best average performance for the four-given data (DEV_1, EV_wild_1, EV_lab_1, and
EV_lab_2). Here, we compared the performance of these methods using all the combinations
used for their parameters (S2 Table). If we want to compare the best performance of each
detection tool with the best performance of others, A-MUD and with a slight difference, USV-
SEG are in the first and second places, followed by DSQ and MUPET.

(TIF)

S4 Fig. Samples produced by Synthetic Minority Oversampling Technique Edited Nearest
Neighbor (SMOTEENN). In the model design section, we used various approaches to deal
with the problem of the imbalanced datasets, including using original, down-sampled, boot-
strapped, and over-sampled data. The following figure presents the over-sampled data by
SMOTEENN presented. The first column from the left is the original instance and the next
columns are the resampled samples. The first, second, third, and last rows are from the classes
‘c’, ‘c3, ‘c2’, and ‘b, respectively. The images produced by the SMOTEENN are very similar to
the original data, so, compared to the original data, this method did not help to improve the
classifier performance.

(TIF)

S5 Fig. Agreement between two observers for two subsets of (A) model development
(DEV) and (B) evaluation (EV) data. ‘missed’ segments are elements that are manually
detected by only one observer. Both figures show high disagreement between the observers
for both data in the ‘us’ and ‘h’ classes. In more detail, the amount of reliability in the DEV
data in ‘c3’ and ‘u’ classes is very low. Differently, in the EV data, the reliability is less than
other classes in ‘c4’ and ‘c5’ classes.

(TIF)

S6 Fig. Samples of USVs from the classes ‘c4’ and ‘c5’, USVs with 4 and 5 jumps, respec-
tively. As mentioned in the results section (in the main text), the performance of a model is
important when dealing with a new class. Because there was no sample of the ‘c4’ and ‘c5’ clas-
ses in the DEV data, we compared the output of the BootSnap and DSQ methods when the
two classes were in the EV data. The following figure shows examples of members of these two
classes in EV_wild data. BootSnap assigned 68% and 32% of the total members of these two
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classes to the 2 and 3-jump included USVs, respectively. DSQ assigned the members of the
classes ‘c4” and ‘c5’ mostly to the 2 and 3-jump included USVs and ‘ui’. Although the class ‘ui’
might be relatively similar to the ‘c4” and ‘c5’ classes based on visual inspection, there is no
jump in this class.

(TTF)

S1 Data. Data of 4 studied detection methods (USVSEG, MUPET, A-MUD, and DSQ) on
DEV_1 recording.
(XLSX)

S$2 Data. Data of 4 studied detection methods (USVSEG, MUPET, A-MUD, and DSQ) on
EV_wild_1 recording.
(XLSX)

S3 Data. Data of 4 studied detection methods (USVSEG, MUPET, A-MUD, and DSQ) on
EV_lab_1 recording.
(XLSX)

$4 Data. Data of 4 studied detection methods (USVSEG, MUPET, A-MUD, and DSQ) on
EV_lab_2 recording.
(XLSX)

S5 Data. Data of EV_wild segments classification by BootSnap and pretrained and
retrained DSQ compared to manual labels.
(XLSX)

S6 Data. Data of EV_lab segments classification by BootSnap and pretrained and retrained
DSQ compared to manual labels.
(XLSX)

$7 Data. Data of interobserver reliability for the subsets of DEV datasets.
(XLSX)

S8 Data. Data of interobserver reliability for the subsets of EV datasets.
(XLSX)
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6. DISCUSSION AND CONCLUSIONS

The chapters in my dissertation mainly addressed hypotheses about the modulation of
olfactory and acoustic signals and their signaling functions in wild house mice (Mus musculus
musculus) and laboratory mice (Mus laboratorius), and here I summarize the main findings.

The first chapter shows that the excretion of volatile chemical compounds (VOCs) and
pheromone-binding MUP proteins depend upon sex and social status. In seminatural conditions,
the mice upregulated the concentration of urinary proteins in both sexes when compared to
controls housed in standard conditions. The upregulation of urinary proteins potentially
provides a reliable signal of social status and dominant males and females both had a higher
reproductive success compared to subordinate individuals. The upregulation of MUPs in males,
though not females, was correlated with their reproductive success. The higher expression of
urinary proteins in dominant females in seminatural conditions might have been triggered by
the presence of males, increasing the females’ expression of MUPs close to the estrus (1) and
the frequency of oestrus cycles over time (2-4). We also found temporal fluctuations in MUP
expression in females, possibly due to seasonality. Our results showed that females produced
the highest concentration of urinary creatinine in spring when most were pregnant (5). As in
previous studies on other mice, males released expected higher concentrations of certain
pheromones compared to females (6, 7). More detailed analyses of these volatile compounds
showed that two were regulated according to male social status: 1) 6-hydroxy-6-methyl-3-
heptanone (HMH), a volatile compound that influences the sexual development and behavior
of females, and was positively correlated with the dominance status and reproductive success
of males; 2) and trimethylamine (TMA), which is a bacterial metabolite, that was upregulated

in subordinate males and negatively correlated with their reproductive success. TMA is known
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to be used for species and sex recognition and mice show attraction at low concentrations but
aversion at high concentrations (8). Thus, high TMA excretion could help explain how females
recognize and assess subordinate males. In summary, the concentration of different MUPs and
VOCs in males might signal to conspecifics of both sexes their social status, the territory
boundaries and potentially avoiding direct aggressive behaviors with neighboring males,
whereas proteins regulation in females’ urine might signal receptivity and attract males (1, 2,
9). This is the first study to correlate the expression and regulation of pheromones with male
social status and reproductive success, and the first to our knowledge in any mammal.

In the second chapter, we showed that exposing wild male mice to a female (socio-
sexual priming) influenced their subsequent courtship USVs, including USV number, spectral
features, and syllable type diversity compared to controls, and that the effects of the socio-
sexual priming lasted for almost one month. We confirmed that the implemented version of the
USV detection system A-MUD 3.2 provides a highly efficient method for detecting USVs
compared to our previous version (10). Our results on sexual priming confirmed that the number
of both, sonic (i.e., squeaks and vocalizations under 20 kHz) and ultrasonic vocalizations
increased after priming and were also highly correlated. Primed males emitted three times more
USVs than the unprimed mice. USVs in primed males were longer in duration and their spectral
diversity increased 1 day and 20 days after sexual priming. We found a high interindividual
variation in the vocal repertoire and spectrotemporal features as previously found in wild mice
(11). Unprimed males had the most distinct and spectrally simple vocal repertoire with more
USVs of short duration and non-distinct shape compared to the other primed groups. USVs
from unprimed male showed a higher interindividual variation in the mean frequency, a shorter

duration and a lower slope (i.e., frequency evolution over time of the vocalization). The low
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variability found in the mean frequency of USVs emitted by primed males might suggest a
possible female’s preference on “attractive” acoustic stimuli with specific spectrotemporal
features that might potentially induce female’s receptivity and increase mating opportunities
(12-14). Previous studies showed that sexual priming affects the regulation of male’s sexual
behavior enhancing the scent-marking behavior (15), reducing the latency to copulation and
increasing the sperm density (16, 17). Our study provides the first evidence that socio-sexual
priming increases males’ vocalizations by enhancing the number and spectral complexity of
USVs with long-lasting effects. However, the signaling functions and functional consequences
of USV modulation after priming are still not known, yet these results are consistent with the
hypothesis that USVs reliably signal sexual arousal and interest in mating (reviewed in 18, 19).

In the third chapter, our study provides three main results: 1) similar to the priming
effect, all males increased the number, length, and spectral complexity of the USVs once the
partition was removed and the social partners were allowed to directly interact; 2) unrelated
pairs also increased the length and spectral complexity of USVs during direct interactions,
differently to related pairs where males increased the length of USVs when physically separated
by a perforated divider from the females; and 3) unrelated males sired a higher number of litters
and females had a shorter latency to give birth compared to related breeding pairs, suggesting
that USV emission can act as an important factor of inbreeding avoidance (20). Similar to
laboratory mice, we found that wild males modulate the USV emission depending upon social
contexts (before and during direct contact) (as reviewed in 21, 22) and different types of stimuli
(14, 20). Our results suggest that unrelated pairs discriminate between kin and non-kin and that

males modulate the USV emission accordingly when paired with an unrelated female. These



176

findings suggest that USV signals might contain kinship vocal signatures and potentially
information on the identity of the partners (23).

In the fourth chapter, the results show that adult males can alter the USV emission upon
female odor stimulation. Detailed analyses of courtship USVs show individually distinct
features in the vocalizations that are consistent over time and might be critical for individual
recognition. The alteration in USV features consisted in a higher USV number and duration,
more spectral complexity, and a modification of the spectrographic features. Males showed a
distinct “vocalizing style” given by strong individual differences in the number of USVs
emitted that was consistent over time. Thus, males could be grouped into different groups
according to their vocalizing style: low, intermediate, and high vocalizers, and consistent and
non-consistent vocalizers. Differently from previous findings in wild mice, non-vocalizing was
a rare consistent trait (23, 24). Different statistical approaches and the application of the random
forest on the three recordings confirmed that some USV categories and spectrotemporal features
were good candidates as individual vocal signatures. Although we did not reach a full consensus
using different methods to detect the IVS, it was clear that the repertoire composition played an
important role in individual discrimination. Machine learning methods confirmed that the
frequency parameters, some syllable types, the USV duration and the interval between syllables
were good candidates as IVS. Thus, mouse USVs contain individual vocal signatures that might
be used for individual recognition, but these IVS need to be tested over a longer time for
stability and in other social contexts for robustness, as shown in other species (25, 26).
However, there are still important questions to address: 1) whether USV emission can be used
for individual recognition and health status (27); 2) whether three consecutive weeks is a

reliable time to detect individual vocal signatures (28, 29), as mice live in social groups and
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undergo different social experiences over three weeks, such as inter- and intrasexual
interactions (i.e., estrous cycles, territory formation by males, breeding)(30, 31) and parent-
offspring interactions (i.e., rearing and weaning of new generation) (reviewed in 32, 33); 3)
whether differences in the morphology of the larynx (as reviewed in 34) and in the physiology
through endocrine control might favor individual recognition (33, 35) ; 4) and whether USV
emission might be a heritable trait (36). This is the first study to show that female odor enhances
the number and complexity of USVs over time with similar characteristics of courtship USVs
in presence of a female. Features in the USVs are individually distinct and consistent over time,
suggesting that courtship USVs might be a reliable signal for individual recognition. However,
playback studies are needed to test whether females can identify from specific IVS candidates
the identity of the vocalizing males, and thus confirm our findings.

In the fifth chapter, we showed that the three mouse strains differed from each
other since the first neonatal stage. B6 pups and adults emitted a lower number of USV's with a
shorter duration, and USV's were spectrally simple compared to the other strains. The outbred
CD-1 pups vocalized more than the inbred FVB and B6 strains. As a developmental milestone,
we reported that B6 pups showed a peak of the calling rate earlier than the other two strains
(peak at post-natal day 4 compared to peak at post-natal day 6-8). Pups used a larger vocal
repertoire that decreased during adulthood in all three strains (i.e., from 6 or more types as
neonates to 4 categories when adults). During social interaction tests, inbred FVB strain
performed more social investigations and the highest number of USVs as both neonates and
adults. The repertoire composition in FVB mice included more spectrally complex USVs or
with harmonic elements. The outbred CD1 strain showed an intermediate socio-communicative

profile for both the number of USVs emitted and the vocal repertoire with a similar acoustic
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profile during the neonatal phase to the B6, but with an increase in frequency step and complex
USVs more similar to the FVB as adults. From visual inspection, each strain showed a vocal
repertoire that varied according to the sex of the vocalizing individuals and their social partners,
similar to findings in wild mice (11). Since the B6 adult males and females performed the lowest
number of social interactions and USV emission, researchers should think carefully about
whether using B6 as a background strain for mutant lines, or as reference strain in tests
measuring social responsiveness (37, 38). The intermediate behavioral and communicative
profile of the outbred CD1 suggests that this strain can be included in behavioral and acoustic
tests with inbred strains, but raise questions about the real differences between inbred and
outbred strains (39). For the first time, we provide evidence for a strain difference at different
developmental stages and we confirmed a correlation between the occurrence of USV emission
and the investigatory behavior, influenced by the sex and strain during social interactions. Our
results suggest that each strain might have its characteristics that should be taken into account
when choosing a strain for a specific research question, or creating a genetically modified line
from a background strain (reviewed in 40). More studies are needed to confirm whether the
USV modulation during development might get stabilized and allow strain recognition between
different strains (41, 42).

In the sixth chapter, we showed the excellent performance of A-MUD 3.2 in detecting
USVs in presence of background noise, and the flexibility and accuracy of Bootsnap in
classifying USVs from different sources (laboratory strains, wild mice and different contexts).
Both programs are free for scientific use and Bootsnap is based on Python, which is a free
platform. When comparing different USV detection methods, we found that A-MUD 3.2

performed better than the other models trained by using only USVs of laboratory mice. Our
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classification method “Bootsnap” outperformed the best available classifier (i.e., Deepsqueak),
which was pretrained on laboratory mice recordings and also retrained with wild mice
recordings. Our study showed some limitation in correctly classifying the USVs that are
common to other software: 1) the presence of background noise during the recordings; 2) the
similarity between the spectral shapes of some USV types, that caused problems also to trained
researchers; 3) and the low amplitude at the start or end of some vocalizations that were difficult
to include in the correct USV category. For the first time, we compared the performance of
Bootsnap with manually classified soundfiles recorded from both, wild and laboratory mice.
We reported a good inter-rater reliability that was higher for more spectrally distinct USV types,
but lower when comparing USVs showing classification problems shared with the automatic
classifiers. Bootsnap reached the highest accuracy when it used only two classes (i.e., false
positives including segments with high background noise and USVs), but its performance
degraded when the number of categories increased to more than six. A good trade-off between
the number of USV categories and clustering accuracy was obtained for six different USV
classes including the false positives as a separate category (i.e., background noise). Bootsnap
applied the bootstrapping method to increase the number of elements in all categories to
correctly classify less represented USV categories. This study presents an implemented version
of the USV detection system that we previously developed and that outperforms the other
methods even in low signal-to-noise ratio recordings. We coupled the USV detection system
with a new state-of-the-art USV classifier whose performance is higher than other methods and
has been compared with manual classification. These methods prove to be a key support for the
analyses of USVs as non-invasive tools for behavioral tests and animal welfare in rodents (43-

45).



180

In summary, our overall findings provide novel evidence that chemical and acoustic
communication convey information on the sex, social and physiological status, age, kinship,
and identity of the signaling mouse in standard and seminatural conditions. During courtship,
USV modulation is strongly influenced by social contexts (i.e., presence of the female or her
scent), and this change can be long-lasting after the socio-sexual priming and can carry
information on the sexual experience of males. USVs can signal the genetic relatedness of the
emitting individuals and might affect their reproductive success. USVs can also signal
individual identity through individual vocal signatures. Some IVS candidates are consistent
over three weeks and show interindividual differences. However, more playback studies are
needed to confirm whether IVS candidates could be used by mice for individual recognition
over a longer period of time.

In conclusion, we showed that studies in wild mice that carry a high genetic diversity
and underwent natural and sexual selection, are of critical importance to investigate some
functions related to the individual’s fitness through chemical and acoustic signals. Determining
the adaptive functions of USVs can provide insights into conducting and interpreting the results
of behavioral assays that are mostly performed in the laboratory with Mus laboratorius, which
is now represented by thousands of artificially selected strains, whose behavior is highly
heterogeneous (46). Therefore, we should consider the translational value of the studies on the

wild house mouse in standard and seminatural conditions.
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