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Social behavior is naturally occurring in vertebrate species, which holds a strong evolutionary component and is
crucial for the normal development and survival of individuals throughout life. Behavioral neuroscience has seen
different influential methods for social behavioral phenotyping. The ethological research approach has exten-

]ég;(ihﬁ};ﬁve svcholo sively investigated social behavior in natural habitats, while the comparative psychology approach was devel-
Stresl:sJ Py & oped utilizing standardized and univariate social behavioral tests. The development of advanced and precise

tracking tools, together with post-tracking analysis packages, has recently enabled a novel behavioral pheno-
typing method, that includes the strengths of both approaches. The implementation of such methods will be
beneficial for fundamental social behavioral research but will also enable an increased understanding of the
influences of many different factors that can influence social behavior, such as stress exposure. Furthermore,
future research will increase the number of data modalities, such as sensory, physiological, and neuronal activity
data, and will thereby significantly enhance our understanding of the biological basis of social behavior and
guide intervention strategies for behavioral abnormalities in psychiatric disorders.

1. Introduction

Understanding behavior in humans and animals is essential, as it
forms a central aspect of our existence and interaction with the envi-
ronment (Heimlich and Ardoin, 2008; Bolhuis et al., 2021). At the same
time, behavioral abnormalities are at the core of severe and highly
prevalent psychiatric disorders. Specifically, the impairment of social
functioning is an important symptom of many different psychiatric
disorders, such as post-traumatic stress disorder (PTSD), depression,
autism, and schizophrenia (Peleh et al., 2019a; American Psychiatric
Association, 2013; Nietlisbach and Maercker, 2009; Dodell-Feder et al.,
2015; Katz et al.,, 2011). Therefore, the accurate measurement of
different social behaviors is crucial for a better understanding of psy-
chiatric patients and contributes to solving the complex mechanisms of
those disorders. Preclinical rodent models are widely used to investigate
the underlying mechanisms of complex social behaviors (Peleh et al.,
2019a; Beery and Kaufer, 2015), as well as to evaluate the effectiveness
of novel drug interventions (Pohlmann et al., 2018; Lopez et al., 2022).
However, the assessment of social behavior as a holistic construct is
challenging as it relies on many different types of social behaviors and is

influenced by different factors, such as stress exposure (Beery and
Kaufer, 2015). Therefore, a variety of behavioral tasks have been
employed to understand different mechanisms of the social behavioral
construct in rodents (Toth and Neumann, 2013; Fan et al., 2019; Zhou
et al., 1979; Golden et al., 2011).

1.1. The history of animal behavior

Exposure to external stimuli triggers a distinct pattern of cellular
responses in the brain, which ultimately drives the behavioral response.
Fundamental concepts of behavior have historically been established
using observational research, where animals are left undisturbed and
observed in their natural habitat. One of the earliest and most influential
animal behavioral research was performed by Charles Darwin in the
1800s (Thierry, 2010), where he observed variations between animals
and concluded that species descended from each other (Darwin, 1859).
This type of behavioral research led to the development of the field of
ethology, which concentrated on the evolutionary basis of animal
behavior while using predominantly observational approaches. An
overarching principle in ethology is that behavior is described in its
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highest complexity by observation in natural or semi-natural environ-
ments. This allows the researcher to study behavior in a descriptive way,
using a hypothesis-generating approach to discover novel behavioral
concepts. Important examples of outstanding work in ethology include
the research of Tinbergen and colleagues, who observed that young
birds can distinguish the shape of a hawk and a goose and change their
behavior according to the perceived shape (Tinbergen, 1939). In addi-
tion, the work of Lorenz and colleagues observed an interesting phe-
nomenon in young domestic chicks, where young animals narrow their
social preference towards an object during early exposure, which typi-
cally is their parent (Bolhuis and Giraldeau, 2005; Sulloway, 1982). The
field of ethology and observational research has led to phenomenal
research findings, but there are also important limitations in the study
design. Observational studies rely on the researcher’s ability to assess
behavior, which can lead to misinterpretation and consequently differ-
ences between researchers in the interpretation of the observed behav-
iors. In addition, the lack of control over the environment limits the
throughput and the research question that can be assessed, which can
lead to unreproducible results due to high variability between the
experimental conditions.

In response to these limitations, the field of comparative psychology
was introduced, in which researchers aimed to study and understand
behavior using tightly controlled environmental settings. Here, the focus
was on breaking the behavioral construct down into clearly identifiable
and quantifiable syllables by reducing the complexity of the behavior
and limiting the dimensions that behavior can be expressed in through
precise laboratory settings. These laboratory tasks are characterized by a
high controllability over the environment and a standardized set of
behavioral read-outs and therefore require hypothesis-driven research
questions. Several outstanding researchers showed the novelty and
strength of this field, including Thorndike, Skinner, and many others.
Thorndike demonstrated the construct of trial-and-error learning, as he
observed that by increasing the number of trials, animals became more
efficient to escape an apparatus and gain their reward (Thorndike,
1898). Subsequently, Skinner developed one of the first and extremely
popular behavioral laboratory tasks, the operant conditioning chamber
(Skinner, 1948). The task can be used for negative and positive rein-
forcement learning and is still used in research around the globe to this
day forward, underlining its excellence. By this time, a trend to stan-
dardize and simplify different behavioral disciplines using laboratory
tasks was set in motion (Tolman, 1948; Aggleton, 1985; Barnes, 1979;
Morris, 1981), and is currently still ongoing. The excellence of labora-
tory tasks for behavioral science is undoubtedly great, especially for
investigating the influence of external stimuli (e.g., the stress response
system) and the role of interventions (e.g., pharmacological) on the
behavioral output (Hanell and Marklund, 2014). In addition, the un-
precedented options for using different genetic mouse models have
enabled the exploration of specific target genes on behavior. Unfortu-
nately, no behavioral tasks are without flaws, and there are specific
concerns regarding laboratory tasks that need to be addressed. The
laboratory set-up provides an intensive interaction of the researcher
with the testing animals, which causes concerns, as inter-individual
differences between researchers can influence the outcome of the
behavioral performance of the animals (Sorge et al., 2014; Chesler et al.,
2002). As an example, a recent study described the influence between
male and female experimenters on the largely different behavioral
outcomes of drug-treatment efficacy (Georgiou et al., 2022). Another
concern is the difficulty of streamlining animal housing and testing.
Even though compared to observational research the differences in
housing and testing are subtle, they have been found to lead to different
behavioral outcomes (Richter et al., 2009), and therefore can give a false
sense of reliability. In addition, although group housing of laboratory
mice is crucial for their social welfare, it remains a highly unnatural
environmental setting and has its limitations. The confined space with
several same-sex mice hampers the animals in expressing certain
species-typical behaviors, such as the search for food and water, the
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vigilance for certain threats, and the motivation for sexual reproduction.
In addition, the lack of escaping introduces changes in territorial
aggression, as, after an aggressive encounter, the dominant and subor-
dinate animals cannot go their separate paths and will have to stay
confronted with each other, which introduces problematic behavior,
such as severe aggression (Weber et al., 2017). Finally, the use of inbred
mice is a problematic development for investigating naturalistic be-
haviors. While the genetic models have allowed for important insights
into the genome, they have left us with an animal model that behaves
rather differently than their conspecifics in the wild, which questions the
validity of the animal model and unfortunately has reduced the repro-
ducibility of the behavioral research (Richter, 2017; Wahlsten et al.,
2003; Voelkl et al., 2020; Crawley, 1996).

The reductionistic approach in laboratory tasks is a strength for
many different behavioral disciplines; however, it can be a pitfall for
behavioral constructs that rely on many different behavioral outputs and
require more naturalistic environments, which therefore are more
complex to assess (Blumstein, 2010). In such cases, laboratory tasks can
oversimplify behavior, which can lead to an inadequate or even wrong
assessment, that is often lowering the reproducibility rate. A good
example of such a complex behavioral construct is social behavior,
therefore the next section describes the definition of social behavior,
together with the current behavioral tasks that are used to measure
social behavior.

1.2. The social behavioral construct

Social behavior is a naturally occurring construct in many different
species, including rodents and humans, and holds a strong evolutionary
component, as it is critical for the survival of the individual as well as for
the species (Wei et al., 2021; Chen and Hong, 2018). These behaviors are
innate but are strongly dependent on the environmental circumstances
and will adapt the social behavioral output appropriately. For example,
adolescent mice will indulge in social play interactions with their con-
specifics, but if they are socially isolated during this time, their social
behavioral repertoire and the underlying neurobiological mechanisms
will be altered during adult age (Musardo et al., 2022). Social behavior is
a complex construct and is used as an umbrella term for a plethora of
different behaviors, which makes its precise definition challenging. In
general, social behavior has been defined as all behaviors that influence
or are influenced by other members of the same species. This termi-
nology includes sexual and reproductive activities, all behaviors that
bring individuals together, as well as aggressive and dominant behaviors
(Chen and Hong, 2018; Whishaw et al., 2006; Mackintosh and Grant,
1963). Although not the focus of this review, it is important to note that
this definition excludes social interactions across different species, or
objects, which are part of the social behavioral repertoire, even though
they might be the minority of the social encounters.

2. Social behavioral tasks

Social behavioral events in rodents typically begin with the detection
of a social encounter. The animal can decide to ignore or avoid the social
encounter, or to consummate the social behavioral encounter, which
relies on one or a combination of different social behaviors, such as
parenting, fighting, sexual interaction, following, feeding, playing, and
guarding (Wei et al., 2021). These constructs are influenced by other
neuronal modalities, including motivation (Bariselli et al., 2018; Solié
et al., 2022a), emotion (Sakaguchi et al., 2018; Pisansky et al., 2017;
Keum and Shin, 2019; Jabarin et al., 2022), and decision-making
(Scheggia et al., 2022), which means that the underlying social behav-
ioral construct is complex to assess, as it relies on many different
behavioral read-outs. Currently, the assessment of social behavior relies
on using a variety of behavioral tasks measuring different social do-
mains, see Box 1. The majority of the tasks have been developed with the
goal of increasing the throughput and the environmental controllability,
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Box 1
The different social behavioral domains and their behavioral tasks.

The assessment of social behavior relies on a variety of behavioral tasks that can measure different social domains, including dominance,
avoidance, approach memory, transmission, decision-making, and conditioning. Dominance behavior is generally assessed using competition
tasks, such as the tube test (Fan et al., 2019; Lindzey et al., 1966) and the warm spot test (Zhou et al., 1979), or via long-term home cage
observation (Shemesh et al., 2013; Forkosh et al., 2019). The avoidance and approach behavior can be assessed using tasks that compare the
interaction with a non-social stimulus and a social stimulus, using the three-chamber task (Rein et al., 2020) and the social avoidance task
(Berton et al., 2006; Lukas et al., 2011), but also with freely-moving multi-animal social interaction tasks (Bordes et al., 2022). In addition, social
memory can also be assessed in the three-chamber task and social avoidance task, but then compares a familiar-social stimulus with a novel
social stimulus (Gheusi et al., 1994; Winslow, 2003; Engelmann et al., 2011). The transmission of social behavior is a particularly complex
domain, which can be subdivided into many different subfields. One example is the social transmission of food preference, in which a naive
mouse follows a demonstrator mouse who has previous knowledge of a food reward (Wrenn, 2004). In the context of stress, a prominent domain
is social fear transmission, in which animals receive shocks when interacting with a social conspecific (Toth et al., 2013), or observe other
animals getting foot shocks (Jeon and Shin, 2011). The fields of decision-making and conditioning have recently been further adapted to the
social behavioral research field and interestingly behavioral tasks have been adapted to specifically measure these domains in a social context,
using the two-choice social decision-making task (Scheggia et al., 2022), and the social instrumental task (Solié et al., 2022b).

but therefore rely on a reductionistic approach using single or few
behavioral read-outs (univariate behavioral tests), a hallmark of the
comparative psychology field. The next section describes the social
behavioral domains of social dominance and social avoidance. Although
many more variants of social behavior and corresponding tasks exist,
these social behavioral domains in particular are of interest, as they are
well-established behavioral tasks in the field of stress neuroscience and
they showcase the development of the reductionistic approach in social
behavioral tasks.

3. Social dominance

An important domain of social behavior is the social hierarchy,
which is important for a balanced and structured group of multiple
animals from the same species (Dwortz et al., 2022; Qu et al., 2017).
Social status impacts the chances of survival and, among other aspects,
the individual’s reproductive chances, health, and food availability
(Tamashiro et al., 2005; Ellis, 1995; Sapolsky, 2005). The social status is
conveyed via dominant, aggressive behaviors, and the subsequent sub-
missive, defensive behaviors, which are adaptive behaviors to reduce
aggression in established hierarchies. The dominant animal is commonly
identified by consistent wins in social conflicts with the subordinate
animals (Fan et al., 2019; Dwortz et al., 2022; Wang et al., 2014).
Several behavioral tasks have been developed to investigate the hier-
archical structure in rodents and the most popular tests include the tube
test (Fan et al., 2019; Lindzey et al., 1966) and the warm spot test (Zhou
et al., 1979), but also via long-term home cage observations (Shemesh
et al., 2013; Forkosh et al., 2019). Other hierarchy tests rely on the
competition for food or water, but those tests have decreased in popu-
larity, as they are influenced by the motivation for food and water and
can fluctuate based on saturation (Merlot et al., 2004; Cordero and
Sandi, 2007; Ujita et al., 2018). The tube test has gained popularity, due
to its simplicity and an available standardized protocol by Fan et al.,
(Fan et al., 2019). The tube test utilizes a narrow transparent tube, in
which mice are placed on opposite ends. Upon release, the mice need to
go through the tube towards the other side, but can only succeed by
forcing the conspecific animal to go backward. The subordinate mouse is
identified as the animal that has to go backward, whereas the dominant
mouse is the animal that successfully pushes the conspecific away. The
tube test relies on the assumption that after several training days, the
animals prefer to go to the other side of the tube and use
dominant-related mechanisms to establish, which of the animals back
out. The animals are tested over several consecutive days, after which a
stable and consistent hierarchy can be observed (Fan et al., 2019).
However, since the animals are confined within the tube, their agility
will influence their winning chances (Fan et al., 2019; Zhou et al., 2018),

which can be different due to many factors, such as age, strain, stress
levels, weight, etc. Moreover, the tube test can only test two mice at the
same time, which limits the transferability towards a more naturalistic
environment, where animals interact and are challenged within group
dynamics. A recently developed hierarchical test in mice that overcame
this problem is the warm spot test, which works reliably with up to four
mice. In this task, the animals are placed on a cold floor with a warm
spot in the corner, which is only big enough to warm one animal at a
time (Zhou et al., 1979). The test relies on the behavioral construct that
mice prefer the warm spot over the cold area and will determine the time
spent at the warm spot based on their rank in the hierarchy. The hier-
archy state of animals is observed during a 20-minute test, in which the
amount of time spent in the warm spot should overlap with the hierar-
chical position of the animals. Therefore, the dominant animal spends
the most time in the warm spot, whereas with every lower ranking, each
animal spends less time in the warm spot (Zhou et al., 1979). Most
importantly, the tube test and warm spot test show a similar pattern of
hierarchical structure (Zhou et al., 1979) and are highly correlating with
other markers for dominance, including, among others,
agonistic-related behaviors, urine markings, and ultrasonic vocaliza-
tions (Zhou et al., 2018; Wang et al., 2011). These tests have contributed
significantly to our understanding of hierarchy in mice, are well
appreciated for their simplicity and robustness, and have been widely
adopted for stress-related research (LeClair et al., 2021; Park et al.,
2018; Larrieu et al., 2017; Matthews et al., 2016). However, these tests
rely on an instrumental laboratory environment that is particularly
unnaturalistic. In the tube test animals are forced within a confined
space towards confrontation, and in the warm spot test, the animals are
forced into confrontation as there is only one place that is pleasantly
warm enough. Therefore, these tests exclude the natural influences of
motivation on hierarchy establishment. Several studies have shown in-
dividual differences in the motivation to pursue social interaction with
conspecifics (Bariselli et al., 2018; Torquet et al., 2018), which includes
aggressive confrontation between animals. Thus, these tests reflect the
reductionist approach, as they simplify the behavioral read-out.

4. Social avoidance behavior

Clinical research has widely recognized that social withdrawal and
avoidance are key symptoms of depression (Ottenbreit et al., 2014;
Fernandez-Theoduloz et al., 2019) and anxiety disorders (Rinck et al.,
2010; Heuer et al., 2007), which is why understanding the underlying
mechanisms related to social avoidance is crucial. The domain of social
behavior containing social avoidance is an often-used paradigm for
investigating the stress response system and in particular, has been
well-established to assess stress resiliency versus susceptibility of
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individual rodents (Krishnan et al., 2007; Murra et al., 2022; Donahue
etal., 2014), but is also used in many other scientific fields to investigate
the affectedness of social behavior, for instance in autism (Rein et al.,
2021; Rapanelli et al., 2021; Bidinosti et al., 2016; Qin et al., 2018).
Therefore, several behavioral tasks have been developed to measure
social avoidance behavior (Toth and Neumann, 2013), for example,
well-established tasks include the three-chamber task (Rein et al., 2020)
and the social avoidance task (Berton et al., 2006; Lukas et al., 2011).
These tests have been described in detail in other studies (Rein et al.,
2020; Berton et al., 2006; Lukas et al., 2011; Zimprich et al., 2017). Both
tests rely on the exploratory behavior of the test mouse towards a novel
social stimulus. The social stimulus is an unknown social conspecific,
who is constrained in a small grid box or beaker and the interaction time
of the test subject is measured in relation to the interaction of an empty
box directly before the social interaction test (social avoidance test) or at
the same time in a separate chamber of the apparatus (three-chamber
test). The gold standard for the calculation of social avoidance behavior
relies on the interaction ratio (IR) (Krishnan et al., 2007; Donahue et al.,
2014). The IR is calculated by taking the total amount of time spent with
the social stimulus (Ts) and dividing it by the total amount of time spent
with the empty cage (Tg) resulting in the following formula: IR = Tg / Tg
(this score can also be expressed in a percentage which would mean the
end result is multiplied by “100”). The expectation is that unaffected
social behavior in mice results in an IR higher than “1”, which means
that animals spend more time investigating the social stimulus
compared to the empty cage. In the same line of thought, animals that
have an IR lower than “1” show an avoidance of the social stimulus and
therefore have affected social behavior. These tasks allow for a quick
and simple analysis of social avoidance behavior and enable high
controllability over the environment. In the last decade, they have
gained popularity and have been extensively used for observing social
avoidance-related behaviors specifically in stress research, where they
have shown their value (Murra et al., 2022; Reguilon et al., 2021;
Durand-de Cuttoli et al., 2022; Morel et al., 2022; Li et al., 2022).
However, these tests also rely on a reductionistic and instrumental
environment, as the social stimulus is trapped in a confined space, which
increases the risk for cross-over effects by other types of behaviors, such
as motivation, emotion, and anxiety. Moreover, the robustness of these
tasks has been questioned, due to a lack of standardized experimental
set-ups and subsequently high variation in the behavior of individual
animals (Pearson et al., 2010). A critical problem that has been over-
looked until now is the fact that there is a proportion of nonstressed
animals that are also showing social avoidance behavior towards the
social stimulus (e.g., 12% (Krishnan et al., 2007), 26% (Golden et al.,
2011)). This means that there is a subset of stressed animals that are
categorized as susceptible (IR < 1), even though they showed avoidance
behavior already before the stress exposure. Therefore, the assumption
that nonstressed animals prefer the novel social stimulus over non-social
environments seems to be highly dependent on the individual. Even
though these animals are an extremely interesting group to investigate
their social behavioral profile, they cannot be categorized in the same
group as animals that initially do show social preference but change
upon stress exposure. This can be avoided by screening all animals
before the stress exposure so that animals that are already avoiding the
social stimulus can be investigated as a separate group or excluded.
Measuring constructs of social behavior using a reductionistic
approach has its advantages, as it allows for high controllability over the
environment, straightforward comparability across cohorts and condi-
tions, high throughput, and simple analysis of the behavioral read-outs.
These reductionistic social behavioral tests have provided important
insights, especially into the stress-related mechanisms of social
behavior, but there are severe limitations that need to be addressed.
These tests often suffer from problems related to the comparative psy-
chology, reductionistic research approach, which means that some of
these tasks have limited ecological validity, as they largely restrict free
social interaction behavior (such as fighting, following, grooming,

Neuroscience and Biobehavioral Reviews 151 (2023) 105243

anogenital sniffing, etc.) and only measure one or a few simple behav-
ioral read-outs (e.g. the preference of an animal to be in close proximity
of a conspecific). Therefore, these tasks tend to oversimplify the social
behavioral repertoire and do not accurately capture the full range of the
social behavioral construct. In addition, these tasks have been developed
specifically for rodents and have limited comparison to human behav-
ioral tasks, which lowers the translatability to the clinic. Therefore, the
development of more naturalistic types of behavioral tasks, including
free social interaction between multiple animals, will be crucial for a
more accurate and ethologically relevant assessment of social behavior.
However, up until recently, no software tools were available to analyze
and distinguish multi-animal interactions, but the many different be-
haviors within a free social interaction task are too complicated, time-
intensive, and repetitive to assess manually (Hanell and Marklund,
2014; Goodwin et al., 2020; Sturman et al., 2020). The rapid advances in
automatically annotated motion tracking opened the possibility to assess
many different social behaviors in complex environments while main-
taining high throughput. Therefore, the next section will discuss the
current status of motion tracking and machine learning for behavioral
classifications, and their implications for social behavioral neuroscience
research.

4.1. Automatically annotated motion tracking and machine learning tools
advance the behavioral analysis

When looking back at the history of the development of behavioral
assessment, there were several influential methods using both obser-
vational research approaches in natural environments as well as the
reductionistic laboratory research approach. Both methods have their
inherent advantages and disadvantages, but by combining the strengths
of both methods, it is possible to overcome some of the current problems
with (social) behavioral assessment (Fig. 1). This can be achieved by
using a semi-naturalistic environment, in which animals can freely
interact with each other, but are still limited in their environment and
space, to maintain a certain level of control over the environment.
Several researchers have contributed to the development of such tasks
(Shemesh et al., 2013; de Chaumont et al., 2019), which contain auto-
matic phenotyping systems using top-view camera detection systems, in
which up to four mice can live and freely interact for many days without
experimenter intervention. Shemesh et al., use different fur color dyes to
distinguish the animals, which therefore allows video recordings only
with white furred animals (e.g. CD1, BALB/c), as with darker fur (e.g.
C57/B16) the tracking system cannot distinguish well enough (Shemesh
et al., 2013). This is an important drawback as many studies are con-
ducted with C57/Bl6 animals. This problem was solved by combining
video recordings with RFID probe identification of the animals via
detection antennas under the arena, which therefore does not require
different colorings for the animals (de Chaumont et al., 2019; Peleh
et al., 2019b). However, the RFID probes are expensive, cannot be
reused, and have problems when animals are in close proximity
together, making the technique difficult to implement in many different
labs. In addition, for both methods, the animals need to be sedated to
color dye or implant the RFID probe, which can be seen as a stressor and
is therefore not an optimal solution for investigating, e.g. consequences
of stress exposure. The tracking and analysis in these systems remain a
difficult process and rely on homemade tailored software that is likely
too complicated to integrate into many different labs. Also, the tracking
of the animals consists of only the center-point of the animals and at best
includes the tail base and nose. This limits the information and accuracy
that can be obtained about the animal’s behavioral profile, especially
looking at more complex social behaviors (such as chasing, mounting,
and attacks), but also individualistic behaviors (such as grooming,
huddling, digging, and sniffing).

In 2018, Mathis et al., launched the open-source software system,
DeepLabCut (DLC) (Mathis et al., 2018), which allowed easy access for
researchers to track animals with high throughput for any given
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Ethology

Stress exposure

Stressed Nonstressed
Sex
Female Male
Motivation
Rewarding Not rewarding
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Comparative psychology

Recording length

( Minutes Day/lr

Short Longitudinal

Developmental (aging)

Early life Adolescence Older aged

Housing
Single Group Overcrowded

Fig. 1. Next-generation of social behavioral tests. In the top part of the figure the important methods for investigating behavioral neuroscience are illustrated, with
ethology on the left and comparative psychology on the right. Next-generation social behavioral tests (illustrated by the arrow in the middle) rely on a semi-
naturalistic environment, which includes the strengths of both ethology, in which a naturalistic set-up without the interference of the experimenter is imple-
mented, as well as comparative psychology, whereas certain controllability of the environment remains by limiting the space and influences from the outside world.
Different factors, such as stress exposure, sex, motivation, recording length, developmental (aging), and housing conditions, will influence the outcome of the social

behavioral assessment.

behavioral video recording. DLC utilizes deep neural networks that
enable quick and easy markerless pose estimation and only need little
training data to achieve human-level accuracy for object recognition
(Mathis et al., 2018). Up until then, the gold standard for tracking ani-
mals relied on commercial software systems that could only track the
center point of single animal video recordings. The analysis of social
interaction data between multiple animals remained to be assessed
manually, but as social behavior relies on many different behavioral
interactions, this limited the complexity of the behaviors that could be
assessed (Sturman et al., 2020; Bordes et al., 2022). DLC enables the
tracking of any body part of interest across multiple animals, without the
need for additional invasive marking methods (such as RFID tags or
animal dye coloring), as the neural networks can also separate identi-
cally looking animals (Lauer et al., 2022). Importantly, to gain accurate
multi-animal tracking, the DLC models for tracking multiple animals
load entire video fragments onto the graphics processing unit (GPU)
during training, as opposed to single frames in the single-animal models,
which requires substantially more advanced hardware. Since then, other
open-source markerless pose estimation software systems have become
available, such as DeepPoseKit (Graving et al., 2019), Social Estimates
Animal Poses (SLEAP) (Pereira et al., 2019, 2022), and SIPEC (Marks
etal., 2022). These different software systems acquire pose estimation in
slightly different ways and therefore vary in their accuracy, training
speed, and amount of required training data (Mathis and Mathis, 2020)
Ultimately, however, they all are open-source tools that allow fast and
easy tracking of any body part of interest in single or multiple animal
recordings. Their offered features and performance are to date compa-
rable, and choice often relies on community support and downstream
analysis compatibility. Importantly, DLC has an extensive user base and
has shown a strong dedication to supporting, maintaining, and extend-
ing its software ecosystem with new downstream analysis tools (Mathis,
2020; Schneider et al., 2023). These pose-estimation tools have enabled
the social behavioral research field to be able to investigate more

naturalistic types of behaviors, as the tracking of many freely moving
animals can easily be performed. However, this provides a novel prob-
lem, as pose-estimation tools increase the amount of data tremendously.
The interpretation of the pose-estimation output, the “X and Y” co-
ordinates over time, needs to be translated into meaningful behaviors.
The most basic analyses include tracking the center point of the animals
as described before, but in a markerless way, which contributes to
automating the quantification of previously used univariate tests
(Sturman et al., 2020). However, tracking multiple body parts enables
researchers to explore a plethora of different behaviors based on a more
complete capture of posture. Different analysis methods can be
employed to analyze the pose-estimation data using supervised and
unsupervised analysis toolboxes.

The supervised analysis toolbox can be employed using machine
learning models or simple rules to identify specific posture-based be-
haviors of interest. An important package that uses a minimal amount of
coding to create supervised behaviors from DLC and other pose-
estimation packages, is SimBA (Simple Behavioral Analysis (Nilsson
etal., 2020)). SimBA allows practitioners to label behaviors of interest in
a graphical user interface to train machine learning models that can
learn the rules governing these patterns from data, automating the
quantification of arbitrarily complex traits. The provided models are
based on extracted static and dynamic features describing animal mo-
tion, instead of on the sequences themselves. This makes the models
easier to train and does not require a dedicated GPU, but the trans-
ferability toward other behavioral setups is rather limited. However,
some behaviors do not need machine learning models as they can
accurately be deduced via hardcoded rules (Bordes et al., 2022). These
can include, but are not limited to, time-in-zone quantifications, certain
interactions between individuals (for example, nose to nose and nose to
tail), or interactions with objects. Moreover, certain packages, such as
SIPEC (Marks et al., 2022) or MARS (Segalin et al., 2021), combine a
tracking system with a pipeline for supervised behavioral annotation,



J. Bordes et al.

which can show advantages over combining different packages to the
same end, since users do not need to worry about software compatibility
as everything is contained within the same framework. The current
machine learning models that are used in many of the different super-
vised analysis toolboxes, tend to overfit the nuances present in the
dataset they were trained on, which limits the transferability to a new
data set. Transferability is an important way to standardize the anno-
tated behavior of interest and allows a minimal amount of work for other
labs to implement the tagging of previously annotated behaviors. An
important future goal will therefore be to find models that can extend
their detection with greater accuracy to completely novel data sets.
Another method to examine behavior is through studying pose-
estimation data without prior categorization. This can be performed
using unsupervised learning, which is a branch of machine learning that
aims to extract insights from the data without using information about
the behaviors of interest a priori. This method segments animal trajec-
tories across time to recover consistent behavioral patterns, which can
coincide with the patterns that were analyzed in a supervised manner. In
addition, this method allows for a hypothesis-generating approach, as it
can identify behavioral patterns that indicate novel behaviors in the
specific behavioral context. Since unsupervised approaches allow to
explore the behavioral space without the need for time-intensive label-
ing, they can be used as an initial screening for behaviors of interest. For
example, unsupervised analysis can be used to identify specific behav-
ioral patterns that are showing the biggest difference between a set of
defined experimental conditions. As a next step, researchers can then
train supervised classifiers to measure the behavior of interest more
directly and with less noise, or to initialize classifiers that are further
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fine-tuned with human feedback, using an active learning approach
(Yttri et al., 2023). Several packages and pipelines have come out that
use clever ways to segment behavior in an unsupervised way. The
software system B-SOID (Hsu and Yttri, 2021), for example, relies on
annotating the motion data with sets of features that can help describe
behavior across time without using sequential data directly. Another
software system, MoSeq (Wiltschko et al., 2020), takes advantage of the
time component of motion using autoregressive hidden Markov models,
which can directly capture probabilistic relationships between the input
variables. While originally devised for depth sensing camera setups,
recent iterations adapt it to pose estimation settings too (Weinreb et al.,
2023). Other packages, such as VAME (Luxem et al., 2022) and DeepOF
(Bordes et al., 2022) use neural networks that can process the motion
sequences directly, which was shown to provide more meaningful
clusters of specific behaviors with less noise of other behavioral patterns
(Luxem et al., 2022). Furthermore, an advantage of neural network
models is that, in parallel to sequence segmentation, they allow re-
searchers to embed motion trajectories into interpretable latent spaces
that can be analyzed, for example, differentially across experimental
conditions. Moreover, the explainability of the retrieved patterns is key
to understanding the underlying behaviors (Goodwin et al., 2022).
Being able to interpret how and what the models are doing can help
improve transferability across datasets on the one hand, but also cate-
gorize unsupervised clusters on the other hand, and this can be done
both via visual exploration (taking advantage of video data and going
back to the snippets that are assigned to specific patterns) or using
machine learning explainability tools, such as Shapley Additive Expla-
nations (SHAP) (Goodwin et al., 2022). A comprehensive overview of

Experimental design and video collection

Fig. 2. Automatic behavioral annotation via motion
tracking. After the experimental design is defined and
videos are collected, key points over time for one or more

animals are extracted as time series, using pose-estimation
tools, such as DLC, SLEAP, or SIPEC. Predefined behaviors
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this pipeline is presented in Fig. 2.

In contrast to the aforementioned open-source software packages, it
is worth mentioning that there are also commercial solutions that have
been employed for animal behavioral analysis, such as Smartcube
(Lorsch et al., 2021). The promise of delivering an out-of-the-box, easy
and high-quality product for a price is valid, however, there are intrinsic
disadvantages to using proprietary black-box solutions. Commercial
software systems are, for understandable reasons, not subjected to the
same rules as scientific software, which means that they are not
peer-reviewed and the information about which and how the employed
models are working is not openly available. A potential way for
bypassing those problems is to visually validate the produced results,
which may in turn require more manual labeling. In the end, the fast
solution-based development that the open-source community has shown
in recent years is hard to compete against. An example of this fast
development is the several publicly funded open-source competitions
that were released in recent years, with the aim of improving
machine-learning algorithms for behavior (Sun et al., 2021). This has
the potential to continuously improve the current state of the art and
yield a constant stream of open-source tools of excellent quality for
behavioral research. Moreover, all data produced by labs while using
this type of software package are collected and recycled to further
improve previous algorithms, creating a constructive feedback loop
from which the whole community can benefit.

Although the field of automatic animal tracking and behavioral
annotation has progressed unprecedentedly in the last few years, there
are still several issues to overcome (von Ziegler et al., 2021). The
increased number of open-source packages to analyze behavioral data is
a crucial development that creates novel and better models, but many
packages offer similar and overlapping results that are relying on
different software systems and are therefore often not compatible which
each other. This problem limits users to find the best set of software
systems that are needed to answer their research question, especially for
researchers from non-computational labs. An important advancement
by the DLC development team is the future implementation of
pre-trained tracking models that do not require labeling of any data and
can export a flexible set of annotated body parts, which means that if
competing software packages require a different set of labeled body
parts, this would easily be extracted using the DLC Model Zoo Super-
Animal software system (Ye et al., 2022). The current fast trajectory of
many newly developed software solutions for behavioral analysis is
encouraging, but in order for a wide audience to implement these tools,
it would be beneficial if the field will converge to a centralized solution
that ensures a compatible ecosystem for tracking, annotation, and the
embedding of multimodal behavioral data, to which researchers would
be able to openly contribute.

The development of more precise tracking tools together with the
numerous post-tracking analysis packages have allowed the behavioral
research field, and in particular social behavioral research, to rethink
the possibilities for the assessment of behavior. The implementation of
such tasks will be beneficial for many different neuroscientific behav-
ioral fields including fundamental behavioral research, especially
studies focused on the consequences of stress exposure. An increasing
number of studies are using these tools to investigate how stress affects
social behavior. A selection of those studies is highlighted in the next
section to illustrate the possibilities and strengths of such tasks using
novel deep-learning tracking tools.

4.2. Investigating social behavior using advanced tracking tools for better
stress phenotyping

Recently, several studies have used advanced tracking tools to
investigate the social behavioral profile and hierarchy establishment in a
semi-naturalistic environment to push our understanding of behavioral
phenotyping related to stress exposure (Shemesh and Chen, 2023).
Forkosh et al., (Forkosh et al., 2019) used an automated behavioral
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monitoring system, called “Social Box” (SB), to investigate hierarchy
rankings in mice utilizing a more naturalistic environment. This study
uses homemade software to identify pose estimation and subsequently
utilizes supervised behavioral analysis tools to calculate a set of social
behaviors. The most important classifier for this study is the calculation
of aggressive chases that is used, together with some other behaviors, to
obtain David’s scores that reflect the hierarchy rankings between mice.
The SB system can house up to four mice and can easily be utilized for
longitudinal day and night recordings. Interestingly, in a follow-up
study, the authors explore how social hierarchy rank can be used as a
predictor of chronic stress exposure-outcome in a sex-dependent way,
emphasizing the importance of investigating both sexes in the
stress-related research field (Karamihalev et al., 2020). The data from
the SB system exemplifies the enriched data output using longitudinal
observations in a semi-naturalistic environment. This is extremely
relevant as it allows for a more natural inference of motivation and
decision-making processes crucial for hierarchy rankings. It would be
interesting to see how the hierarchy rankings in the SB system compare
to the classical approaches, especially in cohorts of animals that show
altered motivation or decision-making. Another next step would be to
integrate additional behavioral domains via implementing behavioral
tasks during the longitudinal overnight recordings, which would be able
to abolish the influences of initial arousal, sleep disturbances, and
anxiety on the performance of the behavior. An example is the imple-
mentation of home cage operant conditioning devices, such as FED3,
which allow the investigation of food intake, motivation, and reward
processing (Nguyen et al., 2016). In order to boost the implementation
of such a system for many different labs, the SB system should imple-
ment open-source pose-estimation and classifying software so that the
identification of hierarchy in home-cage-like systems would easily be
transferable.

A study that implemented a fully open-source software pipeline for
stress phenotyping is Bordes et al., (Bordes et al., 2022). The study uses
an open field environment with home-cage-like settings (using bedding
material inside the maze) to explore chronic social defeat stress
(CSDS)-induced social behavioral profiles. CSDS is a well-established
stress model for investigating symptoms of depression, which ulti-
mately leads to the avoidance of novel social stimuli in a subset of sus-
ceptible mice (Golden et al., 2011; Krishnan et al., 2007). However, the
identification of social avoidance behavior is typically measured using
the aforementioned social avoidance task or three-chamber task and
thus relies on an oversimplified model of the social behavioral repertoire
(Pearson et al., 2010; Bordes et al., 2022). In this study, an open-source
python package DeepOpenField (DeepOF) was developed to analyze the
stress effect using a set of supervised behavioral classifiers related to
individualistic- and social behaviors, but also using an unsupervised
clustering analysis of the individualistic and social behavioral interac-
tion data. Both supervised and unsupervised pipelines showed a much
stronger CSDS-induced difference in the free-social interaction task
compared to the classical social avoidance task, indicating a more robust
and clearer social behavioral profile using DeepOF. This study identified
a subset of different social behavioral classifiers to be altered in stressed
animals, which was subsequently used as an indicator for stress affect-
edness by calculating a Z-score. Ultimately, the Z-score for stress
affectedness was significantly correlated with markers for stress physi-
ology (end-point body weight and relative adrenal weight), which was
not observed using the classical social avoidance IR, indicating that the
Z-score analysis of DeepOF-identified behaviors provides a more com-
plete social behavioral profile related to stress exposure than just the
social avoidance IR. In addition, the mean-normalization of the data to
the control group enables correcting for a potential batch effect. The
DeepOF profiling ultimately provides a sensitive tool to assess individual
stress resiliency and susceptibility. Interestingly, Ayash et al., (Ayash
et al., 2023) observed that the social preference behavior of defeated
C57/Bl6 mice in the three-chamber task is different between using a
social conspecific from the aggressor strain (CD1) or a novel strain (e.g.,
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129/Sv). In addition, they identified that defeated mice who do not
avoid CD1 mice (classically labeled as resilient), show impaired learning
in a fear conditioning model, and therefore the classification of resil-
iency is potentially incorrect. This is an interesting perspective and
should be incorporated into the free social interaction task, to explore
the social preference behavior after CSDS across different species.

Taken together, the increased information of data in video recogni-
tion using advanced pose estimation tools in a semi-naturalistic envi-
ronment has expanded the understanding of the complexity of behavior.
Implementations of these tools will lead to an increased understanding
of the stress response system, for example, by enabling more ecologically
relevant stressors, which are critical for the correct classification of
resilient and susceptible animals (Lyons et al., 2023). In addition, these
tools can dissect important influences of stress on behavior, such as the
type of stressor (physiological versus psychological), stress intensity
(chronic versus acute), and the dynamics of behavioral changes
following a stressful challenge (Miranda et al., 2023).

4.3. Deep phenotyping benefits the integration of different factors
influencing social behavior

Applying advanced tracking tools in semi-naturalistic environments
offers the possibility to integrate different factors that shape social
behavior, including stress exposure (stressed versus nonstressed), sex
(female versus male), motivation (rewarding versus not rewarding),
recording length (short versus longitudinal recordings), different
developmental stages and aging (early life, adolescence, adulthood,
older aged), and housing conditions (single housed, group-housed, or
overcrowded), see Fig. 1. For example, the difference between short
recordings (minutes to hours) and longitudinal recordings (day and
night) is an important methodological consideration. Using shorter tests
allows for high-throughput and more easily quantifiable data, and in
addition is easily combined with other data modalities, such as neuronal
activity data. However, these shorter tests are a snapshot during a
certain time and are difficult to fully reflect non-arousal (baseline) be-
haviors. In contrast, longitudinal recordings are more suitable for
investigating baseline behaviors and can be used for a truly free-choice
behavioral task that is relying on no interaction with the experimenter.
However, adding data modalities, such as neuronal activity is more
difficult. Another important aspect is to distinguish between distinct
developmental stages, which are known to differentially influence social
behavior. First of all, there are specific vulnerable stages during life, in
which animals are differentially influenced by environmental circum-
stances. For example, early life stress exposure influences the social
behavioral profile and hierarchy establishment of adult mice in a sex-
dependent manner (Bondar et al., 2018; Benner et al., 2014), but also
the adolescent stage has been implicated as a critical stage for social
behavioral development (Musardo et al., 2022; Endo et al., 2018).
Secondly, aging is a strong factor influencing the social behavioral
repertoire. Older aged animals have been found to show decreased
explorative behaviors and increased grooming (Tran et al., 2021), while
also a decreased number of social contacts and social novelty-seeking
has been observed (Shoji et al., 2016; Shoji and Miyakawa, 2019).
Moreover, the aggressive behavior towards conspecifics changes during
aging as well, which is why for chronic social defeat stress only up to 6
months old aggressor mice can be used (Golden et al., 2011). A funda-
mental question for aging research is how behavior changes over longer
periods of time (weeks to months). However, repeated behavioral
testing with several classical behavioral tests influences the arousal and
anxiety state of the animals, which ultimately leads to different behav-
ioral outcomes between the tests (Voikar et al., 2004; Lad et al., 2010;
Mcllwain et al., 2001). As a consequence, researchers often use different
cohorts of animals and test each cohort at a given age, making
within-subject comparisons impossible, thereby increasing the risk of
batch effects. A solution to this problem is to observe groups of animals
in a semi-natural environment, for which no interference with anxiety,
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or differences in the state of arousal can take place, as the animals are
not in a specific test environment. Therefore, using advanced tracking
tools in a semi-natural environmental set-up will not only facilitate
fundamental research of social behavior, but also other research fields,
such as stress and aging. The ability to test the same cohort of animals
throughout the different stages of life will enable researchers to uncover
unbiased behavioral trajectories over time. However, even though mo-
tion tracking data provides great insights into behavior, it does not
provide the entire picture of the behavior profile. Currently, exciting
developments are implementing different data modalities that can be
measured in-vivo to provide an even richer understanding of the un-
derlying behavior. The next section will discuss a set of data modalities
that are currently being implemented in social behavioral analysis.

4.4. Integrating different behavioral and neuronal data modalities into
social behavioral profiling

In recent years there has been an increased focus on the relevance of
motion-tracking data for understanding behavior. This has been due to
large breakthroughs in pose-estimation tools and their analysis, but also
because video data is relatively easy and cheap to acquire. Furthermore,
motion analysis can be easily interpreted, since researchers can map
back their annotations and results to visual cues, which is significantly
more difficult with other relevant types of data. However, behavior
cannot be captured completely by motion tracking, as behavior is much
more than just the posture of the animals. Therefore, new dimensions
need to be included so that an even richer profile of the underlying
behavior can be assessed. One option is to increase the data modalities
using different sensory information of the animals, such as auditory data
(e.g. mouse vocalizations), olfactory data (e.g. animal smell), and visual
data (e.g. facial expressions) (Jabarin et al., 2022). Another option is to
add physiological data modalities, for example, pupil dilation (Privitera
et al., 2020), blood pressure, or heart rate, which can be used as a proxy
for perceived stress (Buuse et al., 2001; Lemaire and Mormede, 1995;
Farah et al., 2004; Swiercz et al., 2018). Lastly, adding neuronal data
modalities will be important for future behavioral phenotyping, for
example, by using neuronal activity (Padilla-Coreano et al., 2022), or
neurotransmitter release data (Wu et al., 2022), which need to be
wireless systems in order to sustain longitudinal recordings without
restricting the animals (Fig. 3). The incorporation of different data
modalities will increase the amount of data to be analyzed, which pro-
vides a new problem on how to tackle data integration. Open-source
software is appearing to tackle these specific problems, such as CEBRA
(Schneider et al., 2023). CEBRA aims to integrate data modalities to gain
a more holistic unsupervised representation of behavior by enabling
combined embeddings of motion tracking and neural activity data,
which promises to facilitate the identification of the neural processes
underlying motion. An interesting study by Padilla-Coreano et al.,
(Padilla-Coreano et al., 2022) utilized wireless electrophysiology de-
vices to investigate and predict behavioral outcomes based on neuronal
activity data. A different activity pattern was observed in the medial
prefrontal cortex between social ranks and wins and losses in a reward
competition task, which was visible 30 seconds prior to the start of the
task. This study shows that the integration of neuronal activity data with
behavior adds interesting insights to the understanding of behavior and
the underlying mechanisms.

5. Conclusion

The history of the development of behavioral assessment has seen
several influential methods that have their inherent advantages and
disadvantages. Ethology applies observational research, which can
study behavior in a descriptive way, but, among other problems, lacks
the standardization of behavioral assessment and control over the
environment. Comparative psychology methods reduced the complexity
of the behavior by using a highly controllable environment but
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Fig. 3. Integrating data modalities in social behavioral profiling. Different data modalities need to be integrated into in-vivo recordings, in order to increase the
understanding of rodent behavior. Diverse data modalities are currently being implemented, which include advanced tracking modalities using pose-estimation,
sensory data (e.g. auditory, olfactory, and visual data), physiological data (e.g. pupil dilation, blood pressure or heart rate), and neuronal data modalities (e.g.

neuronal activity data or neurotransmitter release).

oversimplified the underlying behavioral construct. The development of
advanced and precise tracking tools, together with the numerous post-
tracking analysis packages, has facilitated the (social) behavioral
research field to assess behavior in a more naturalistic environmental
set-up. This allows the investigation of behavior in a more descriptive
way, without the interference of test-specific anxiety and arousal of the
animals, but maintains a certain level of controllability over the envi-
ronment. Further, the new behavioral analysis tools can be applied to
classic behavioral tests to uncover and quantify novel behavioral traits.
The implementation of body posture tracking and machine learning
analysis will be beneficial to fundamental social behavioral research, but
will also enable an increased understanding of the influences of many
different factors that can influence social behavior, such as stress
exposure, sex, motivation, recording length, different developmental
stages, aging, and housing conditions. However, there are several
challenges using such advanced tracking tools and an important step
will be to develop an open-source centralized software system to allow a
compatible ecosystem for tracking, annotation, and the embedding of
multimodal behavioral data. Future research will increase the amount of
data modalities, such as sensory, physiological, and neuronal activity
data, and will thereby significantly enhance our understanding of the
biological basis of social behavior and guide intervention strategies for
behavioral abnormalities in psychiatric disorders.
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