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Abstract

Quantifyinganimal social behaviaturing pair bond formation

By Sena Agezo

Pair bonding is a complex social process that involves behavioral changes across,context
including sociosexual interactions and parental care. A pair bond is thus a complex state that
mani fests across an ani mal 6s behavioral reper:
characterized with reference to only a few behaviorgnofinly one at a time. For example, in
prairie voles, a canonical mammalian model of pair bonding, a bond is usually inferred only by
observing one behavior, partner huddling, or another residigater attack. Here, we
characterize how the process ofrgaonding alters a complete repertoire of natural behaviors.
Specifically, we investigate prairie voles with their oxytocin receptors knocked out since the
receptors are thought to be necessary for pair bond formation.

We tracked the postures of volesidg the early phase (3hrs) of a-ABcohabitatiorby
leveraging the advances in ddeprning algorithms such as DeepLabCHiowever, these
algorithms exhibit poor tracking accuracy when the animals spend more time with each other,
performing key sociabehaviors such as huddling and mutual grooming. Hence, we implemented
a pipeline that combines multiple delggarningbased tracking methods to obtain detailed and
high-accuracy postural trajectories of multiple animals.

Using the postural trajectories,ewmplemeried an unsupervised method to map the
behavior of the animalsndobserved that prairie voles show a gradual temporal evolution of the
behavioral repertoire from locomotelike movements to more stationdilke behaviors.In
addition, we found hat the mutant voles, with the oxytocin receptors knocked out, show more
stationarylike behavior than wildype animals. However, contrary to the current knowledge in
the field and despite the subtle behavioral difference we observed, we found thayttdenox
receptors are not necessary for pair bond formation in prairie voles.
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Figure 1.1. A partner preference test to assess pair bond formation. Female prairie voles were
paired with male conspecifics undemryiag conditions. A. Schematic of partner preference test
performed in a £hamber. B Time spent in sidbg-side contact with the partner and the stranger
during a 3hr preference test (Adapted from Williams et al., 1992) 6

Figure 1.2. Oxytocin promotes prosocial behaviors méms. A. A schematic of a Cyberball game

and balitoss distribution, where a participant engages in a waind balltoss game over a
computer network with three fictitious partne
profile (A) sent, onaer age, 7 0 %, of its played balls to 1
(B) sent 30 %, and player C (the fibado profile
Ball-toss distributions for healthy subjects and for patients withABP treated with oxytocin or

placebo. C. Time course of ball tosses sent by participant P to players A (good) and C (bad) in a
regul arly spaced bin, an interval bet ween pl a
al., 2010) 9

Figure 1.3. Overexpression of OTR facilitates allepgal behavior and partner preference in

female prairie voles. A. Autoradiography shows the OXTR binding density in Sham, GFP, OTR,
and Miss groups. The control gr eOUrR,. MMdtea ni, GO Pr
control group received bilateral asnbal infusions of a virus expressing the GFP gene. The
OXTR-expressing virus was bilaterally injected into the nucleus accumbens of the experimental
group AOXTR. 0 The other control group, AMiIiss,
accumbensB. The latency to approach pups in all four groups. C. Time spent licking and
grooming pups. D. Time spent in immobile sldeside contact with a partner or stranger after a
cumulative 18 h cohabitation period. (Adapted from Keebaugh et al., 2011) 11

Figure 1.4. OT knoclout (OTKO) mice fail to display social recognition despite apparently
normal olfactory and spatial learning abilities. A. Male mice valmved to investigate the same
ovariectomized (OVX) female during each of four successiwaritrials. B. Mice investigated
different OVX stimulus females in each repeated trial. (Adapted from Ferguson et al., 2(00)

Figure 1.5. Significant induction of FdR in wild type with intact OTRs. Male mice were
considered Exposed if they had a social encounter with an ovariectomized female for 90 sec.
Otherwise, they were deemed unexposed if they were not provided with a social experience.
Photomicrographs showingfsimmunoreactiveells after a social encounter in OTKO (a, d, g)

and WT (b, e, h) males in the medial amygdala (MeA; a, b), the bed nucleus of the stria terminalis
(BNST; d, e), and the medial preoptic area (MPOA; g, h). Measurement of the numHdessof ¢
cells per squa millimeter in those brains, an indication of neural activation (c, f, i). (Adapted
from Ferguson et al., 2001) 13

Figure 1.6. Oxytocin enhances social recognition by modulating the olfactory system. Adult
female rats were exposed for 5 min to a s@mejuvenile rat (sample phaséfter returning to

the home cage for 120 min, the adult rat wasxgosed to the previous and, at the same time, to
a novel samasex juvenile for 3 min (recognition phase). A. Social recognition memory is
expressed as the percentage of time the testausipent exploring the novel social partner over
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the total time exploring both samrsex interaction partners. B. TG@dduced normalized
excitatory postsynaptic currents (SEPSC) rate indp#ting neurons in the AON. C. TGOT
induced normalized inhibitgrpostsynaptic currents (sIPSC) in mitral cells in the MOB. (Adapted
from Oettl et al., 2016) 15

Figure 1.7. The oxytocin system and other neurochemicals in the social brain network. During
social interaction, odorant cues released from a-tobe parter are processed in the main
olfactory bulb (MOB). The PVN releases OT to bind the receptors in the anterior olfactory nucleus
(AON) to activate the excitatory neurons, which activate MOB's inhibitory neurons. The activation
of MOB by the OT fibers of thAON causes it to suppress the spontaneous firing activity, which
might be responding to random odorants, and amplify the social cue that is received from the
partner. The salient sensory information is transferred along one of several possible pathways to
the amygdala, which receives projections from MOB and accessory olfactory bulb. OT acts in the
medial amygdala (MeA) and basolateral amygdala (BLA) to facilitate olfactory learning and
memory. In addition, a social engram of neurons within the hippoca(hipog) is activated to

retain information about the partner. Concurrently, rewarding experiences such as mating during
social interaction activate the VTA to release dopamine into the nucleus accumbens (NAc) and
prefrontal cortex (PFC). The connection beén PFC and NAc under the regulation of OT guides

the animal's behaviors in the social context. (Adapted from Walum et al., 2018) 20

Figure 2.1. Lowdimensional representation of the behavioral dynamics of C. elegans. A. Image
of aC. elegangaptured under microscopy and the traglof a curve along the center of the body.

B. Dimensional decomposition of the posture into four eigenmodes (with their eigenvectors
referred to as eigenworms) that capture 95% of the shape variance of the animal. The population
mean eigenvectors (redre highly reproducible across individual worms (black). C. The
probability distribution of the first two mode amplitudes, r(al, a2), shows a ring of nearly constant
amplitude. D. At different positive and negative amplitudes for the third mode, thd asBumes
different body postures with bends in the dorsal and ventral directions. E. Trajectories in the
deterministic dynamics. A selection of eatiye trajectories is shown in black. At late times these
same trajectories collapse to one of four attnac(red): forward and backward crawling and two
pause states. (Adapted from Stephens et al., 2008) 27

Figure 2.2. Dynamics of collective behaviors in animals. A. A representation of an individual in

the model centered at the origin: zor = zone of repulsian=zzone of orientation, zoa = zone of
attraction. The possible 6é66blind volumedd be
perception. B. A plot of the group polarizatiogo (left) and angular momentumgrup (right) as

a function of changesinhe si ze of the zone of orientatior
areas denoted as (§ correspond to the area of parameter space in which the collective behaviors

(C), respectively, are found. Area (e) corresponds to the region in parametemdpesgroups

have a greater than 50% chance of fragmenting. (C) The collective behaviors exhibited by the
model: (a) swarm, (b) torus, (c) dynamic parallel group, (d) highly parallel group. (Adapted from
Couzin and Krause, 2003) 29

Figure 2.3. A schematic of the representationofema | s & behavi or al reperto
ethogram that shows a momdaytmo me n t classification of each
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theoretical behavioral space with the behaviors of the animals clustered together based on their
stereotypy. 31

Figure 2.4. A schematic representation of grouping behaviors into orders for animals (a) and (b).
A. Examples of a firsbrder grouping showing an individu@) approaching another stationary
animal (b) and an animal (a) moving away, either escaping or ordinary departure, from the other
individual (b). B. A seconarder grouping shows an animal (a) approaching another and then
huddling with them (a) or the twamimals huddling and one (b) departing. C. Examples of a third
order where an individual (a) approaches another to probably orally or anogenitally investigate the
other animal (b), where either animal (a) or (b) escapes. (Adapted from de Chaumog0#&2al.,

36

Figure 2.5. A pipline for mapping behavior into a lowdimensional representation. Images from

a video of a behaving animal are rotationally and translationally aligned to be invariant. The image
data is decomposed into a lalimensional embedding. A wavelet transforrthisn applied to the
decomposed postural data to generate a spectrogram. These spectrograms are used to construct
spectral feature vectors that we embed into two dimensions edisigibuted stochastic neighbor
embedding @SNE). Lastly, a watershed tisform is applied to identify resolvable peaks
associated with stereotyped behaviors in the distribution (Adapted from Berman et. al. 38014)

Figure 2.6. A behavioral mapping of social behavior of paired fruit flies. A. A schematic of the
arena with the paired fruit flieglies of the same sex or opposite sex were paired together and
videotaped for 30 minutes to record their behaviors. B. A map (left) showing the 2D projection of
the behavior of the flies. Black lines indicate coagsgined regions based on hand labelig.
bubble plot (middle) summarizing the relative densities and transitions between coarse behavior
regions. The right plot shows the names of the classified egease=d regions from the map. C.

A comparison of the relative densities of the female ana iitias when paired with either the
same or opposite sex. D. Stacked behavioral density plots show the frequency of each coarse
behavior given distance to the interaction partnerAdsliding window of 1 mm was used to
calculate density at.1 mm increment#h centers ranging from.1 to 18 mm. (Adapted from
Klibaite and Shaevitz, 2020) 41

Figure 3.1. A behavioral space for prairie voles created with a-amiftial tracking tool. Male

and Female prairie voles were paired for 24 hours. We recorded their behavior during the first 2
hous of cohabitation. Then, we applied a nyaliimal DeepLabCut to track their postures. Given

the poses, we built a behavioral map based on the approach outlined in the previous chapter. The
map shows regions with peaks that are meant to indicate stexddigpaviors. However, some

of these peaks are generated by bad tracking errors (Red box). Refer to this link for samples of
videos from these regions:
https://github.com/senakoko/Thesis_Videos/tree/main/Chapter_3 Videos/Figure_3.1_ ¥&leos

Figure 3.2. Computer vision and machine learning tools to track animal behavior. A. Tracking of
multiple fruit flies. Foreground pixels are grouped to detect individual flies. The purple component
corresponds to one fly; the large black part correspondisrée. The tracker splits this large
component into 14 clusters. The penalty based on cluster size is shown for each choice. B. Pose
estimation of two mice with distinct coat colors using information from both the top view camera
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and depth sensor. An igise that best fits an animal detected in the segmented 3D video frames is
used to describe the animal's position, orientation, shape, and scale.C. Tracking of multiple adult
zebrafish. The method consisted of identifying fingerprints or signaturesanithals that served
as reference images. The fingerprints were made based on the intensity and contrast maps extracted
from the video frames. By aggregating enough reference images, they could accurately track each
individual. (Adapted from Branson et &0Q09, Hong et al., 2015, and Pétescudero et al., 2014)

50

Figure 3.3. An example illustrating an application of diEgwning tools for human pose
estimation of multiple people in realorld images. (Adapted from Insafutdinov et al., 20162

Figure 3.4. An example illustrating an application of DeepLal€track the pose of a mouse and

a fly. A. A typical architecture of a deep neural network (DNN) is used in predicting thephady
locations based on the corresponding image. B. Example of body part prediction for a mouse
showing the noent woyreklélso wp rcerdoiscst)i mat ching human
C. Example frames and body part predictions for a fly in different poses. (Adapted from Mathis

et. al., 2018) 53

Figure 3.5. A standard workflow pipeline for using déegrningbased markerless tracking
methods. First, take a raw video of the animals and then label desired points on body parts. A deep
neur al network is trained on the | abels from
points on video data. 55

Figure 3.6. A typical architecture of an autoencoder. Theeagbder comprises two main parts

the encoder and the decoder. The encoder produces a latent representation from the input data, fed
into the input layer. The decoder transforms the latent representation into an output, which is
identical but not the sagras the input. (Adapted from Géron, 2019) 56

Figure 3.7. Comparison between pose estimation generated by tracking tools (e.g., SLEAP) and
Autoencoder. A) SLEAP tracked points show unlabeled body pomteeanimal. B) Applying

the autoencoder labels the missed body points from A. C) SLEAP tracking wrongly labels a body
point for one vole on the other. D) Autoencoder fixes swapped body points 58

Figure 3.8. A block diagram figure of autoencoders. A. A schematic of a stackedcaulee B.
An illustration of a variational autoencoder. (Adapted from Géron, 2019) 59

Figure 3.9. Examples of fake tracked points generated using variational autoencoders. These points
were not from an actual vole. 60

Figure 3.10. A schematic of the architecture of the primary autoencoder we used in thé&gesis
Figure 3.11. Dropout Neural Net Model. Left: A standard neural net with two hiddes.|&yght:

An example of a thinned net produced by applying dropout to the network on the left. Crossed
units have been dropped. 65
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Figure 3.12. Performance of networks on different numbers of training datasets. The networks
were tested on 500 frames that they werdmagied on. Overall, both SLEAP and DLC performed
better when trained with more labeled data. Each black point represents the average Euclidean
distance (RMSE) for a body part of an individual 68

Figure 3.13. Comparison between the stacked and the variational autoencoder. fignaréop

shows the stacked autoencoder's lower mean squared error for the validation loss compared to the
variational autoencoder. The bottom figure indicates no difference in the validation accuracy
between the two models. 70

Figure 3.14. Comparing the behavioral map generatedeayabking tool and the autoencoder. A
behavioral space created with only a tracking tool (e.g., maDLC) (A) and a combination of an
autoencoder and tracking tool (B). C. Using GMM to if the tracked points in the behavioral regions
had the correct vole shapn both A and B. The tracking improves by applying the Autoencoder
to the tracked outputs from SLEAP. (***p < 0.001, Studeteist) 71

Figure 3.15. Pipeline for robustly tracking midtiimal poses. A schematic of the pipelines for
fixing tracking errors usingutoencoder combined with idTracker/TRex (A) or manual correction
(B). 74

Figure 4.1. The experimental paradigm with its timeline. The subject voles were initially recorded
with a novel animal or the future partner (Exp. A) in a chamber separated by a transparent divider.
If they weae recorded with a novel animal in Exp. A, then in Exp. B they were paired with the
future partner animal or vice versa. The subject animal was paired with their partner for 48 hours.
Following the cohabitation, the solo separated behavior was repedbedsame order as before

the cohabitation. Therefore, Exp. A == Exp. D and Exp. B == Exp. E. After it, we performed a
social preference test for 2 hours. 83

Figure 4.2. Pipeline for robustly tracking animals. A) The pipeline to implement aanirtial
poseestimation deep learning method to track the posture of the animals. B) Adding an
autoencoder to improve tracking and manually correct the swapped animal identities with the aid
of a GUI 85

Figure 4.3. Calculating the metrics for MotionMapper. A) Schematic for calculatifigutiielean
di stances and 6Jointd angles bet wedmensiomaldy poi
set of time series for MotionMapper. 87

Figure 4.4. Pipeline for MotionMapper. A Morlet wavelet transform is applied to the transformed
postural time series to create a spectawoyfor each feature. Subsequentd$NE is used to map

each pointintimeintoatwd i mensi onal pl ane, and that is the
by a watershed transform. (Adapted from Berman et. al., 2014) 89

Figure 4.5. Female CRISPR KO shows pair bonding behaviors. A. Schematic of social preference
test. BC. CRISPR KO, like WT, animals spend more time inthear t ner 6 s and str a
for 2 hours (B) and within Xtninute blocks (C). EE. CRISPR KO and WT travel more in their
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partnerds zone t hahSEMnhn= 12T arsdtl® @GRISPR KO; $p<0.0B8Je a n
**p<0.01, **p<0.0001; N.S., not significant 93

Figure 4.6. CRISPR KOefmale prairie voles do not show any deficit in locomotor activity. A.
Schematic of the behavioral paradigm. A transparent divider with holes is used to separate animals.
B 1 C. The total distance traveled by animals in both the first and second sessi@thddnatic
showing distance threshold to consider an animal near the diviffeTiEhe spent near the divider

by the animals. *p<0.05, **p<0.01, **p<0.0001; ns, not significant 94

Figure 4.7. Behavioral map of the voles during the early phase (first 3 hoa)adfitation. A)
A PDF of the stereotyped behaviors marked by boundary lines from the watershed transform B)
Hierarchical cluster of behaviors into coaggained regions 96

Figure 4.8. Transition probabilities and behavioral modularity. (A) Behavioral space probability
density function (PDF). B) Orstep Markov transition probability matrix1, overlayed with the
behavioral clusters from the information bottleneck calcuta{ié-D) Transitions rates are plotted

on the behavioral map witie1 (C) and =5 (D). 97

Figure 4.9. Behavioral densities as a function of time. We split the behavioral repertoire into 30
minutes time bins. We see a gradual evolution from locamdike behavior in the early
cohabitation period to more stationdike behavior in the later hour. 99

Figure 4.10. Differences in behavior between CRISPR KO and WT female animals. A) Behavioral
PDF map of recordings of all the CRISPR KO females B) Behavioral PDF map of resoofling

all the WT females. C) Difference between the two PDFs in A) and B). Outlined areas are
statistically significantly different regions across the two maps. 100

Figure 4.11. Behavioral densities as a function of time. Behavioral densities for CRISPR KO and
WT female voles arbroken down into 3@ninute intervals. WT females perform very actlike
behavior during the early part of cohabitation and gradually transition ttikdlbehavior later.

In contrast, CRISPR KO females are more-itke during the entire period 101

Figure 4.12. Examining the bavioral covariances. (A) The covariance matrix of the mean
behaviors is sorted according to the information bottleneck clusters. (B) The eigenvalues of the
covariance matrix. The first two eigenvalues (blue) are larger than the eigenvalues returned from
shuffling the behavioral density matrix (the error bars are the standard deviation of the shuffled
data) (C) The eigenvectors corresponding to the first (top) and second (bottom) eigenvalues plotted
on the behavioral map. 102

Figure 4.13. Projections of the CRISPR and WT femaleda’' alato the first eigenvector (A) and

the second eigenvector (B) plotted as a function of time. Projections of the CRISPR and WT pair
data onto the first eigenvector (C) and WT female and male pair onto the first eigenvector (D).
The dots are values fordividual animals. Mean and SEM plot for the line and error bark04

Figure 4.14. Spectrograms of the wavelet transformation of behaviors. Certain behaviors like
escape (top left) and oral investigation (top right) show sinfikgquency patterns which could
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significant 107
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Chapter LUNDERSTANDING THE ROLE OF THE OXYTOCIN
SYSTEM IN PAIRBONDING THROUGH THE LENS OF THE

PRAIRIE VOLE MODEL

1.1 Introduction

In this chapter, | will discuss the role of the oxytocin system in social behavior,
specifically pair bonding. | will review the literature covering how the oxytocin system regulates
the belavior of animals via its actions in different brain areas and talk about prairie voles, an
animal model that has provided much of our knowledge about the oxytocin system and pair
bonding. In addition, | will discuss the role of other neurochemicals, suafgaine vasopressin
and dopamine, and their interactions with oxytocin to modulate social behaviors. Finally, I will
conclude with the leading hypothesis about how oxytocin acts within the social brain network to

regulate social behavior in animals.

1.2 Background

Social behaviors consist of a complex set of interactions between individuals. These
interactions involve animals performing many different actions, with the repertoire of these
behaviors evolving as the nature of the social interaction changesals might engage in
social interaction for a varied set of reasons, like for survival and reproduction. These social
behaviors could be aggressive, which might take the form of fighting with other conspecific
animals to gain a mate, for a new territdoyshow dominance and maintain a social hierarchy,

or to keep a territorpVarley and Symmes, 196Kravitz and Huber, 2003)n addition, these



social behaviors could be performed to protect them against other animals, like communicating
the imminent approach of a predator or a competing rival clan ¢€ution-Brock et al., 1999;
Ridley et al., 2013)

Alternatively, the animals might behave more affiliative toward each other and possibly,
in the process, form social bonds (e.g., a parental behavior where either f@ntathand male
animals care for their young). The social bond can be at a collective level, where a group of
animals combines their efforts to care for and train their y¢kiagpeler, 1997; Kappeler and
Van Schaik, 2002)Conversely, it can also be a pair bond that exists between the two adult
sexes, Were both parents care for the young together, have a selective preference for their
partner, and share and protect their terri{f@gtz and Carter, 1980; Thalmann, 2001)

Studying how pair bonds are formed between two individuals is a research topic that
underlies much of the woik this thesis. How do animals develop and maintain social bonds,
particularly socially monogamous pair bonds? What neural circuits and states underlie the
formation of these bonds? In the rest of this chapter, | will discuss pair bonds and the
neurobiolgy behind them, reviewing studies investigating neurochemicals like oxytocin and its
receptor and their involvement in facilitating the formation and maintenance of social bonds.
There have been extensive and excellent reviews written on this subjesi|lsefer the reader
to these Ref§Sue Carter et al., 1995; Insaid Young, 2001; Burbach et al., 2006; Walum and

Young, 2018; Froemke and Young, 2021)

1.3 Social Monogamy
Social monogamy is a sociosexual relationship between two individuals, with this
association either being exclusively social and sexual or only f@¢a&lim and Young, 2018)

In an exclusively social and sexual bond, the adult individuals (a single breeding female and a



single breeding male) form an attachment where timy mate with each other, take care of

their young, and defend their territory against intruders. However, in the solely social case, they
perform all social behaviors like biparental care and territory defense except for exclusively
mating with one panier.

Humans are likely to engage in an exclusive social and sexual monogamous pair bond,
but solely social monogamy is more typical in the animal kingdom. Thiercnsively
sociosexual monogamy is commonly observed within the avian species, approxB0étedf
birds (Cockburn, 2006)With 9% of mammalian species considered socially monogamous
compared to the 68% and 23% that@eessified as solitary and living in social groups,
respectively. Among this low percentage of mammals regarded as socially monogamous,
primates make up 29% of thdiirukas and CluttoiBrock, 2013)

There are biological and evolutionary reasons why animals transitioned from solitary and
group living into social monogamy, with one reason being the contribution of both sexes in
providing for the young andrptecting them from infanticide from other competing males
(Chapais, 2021)Another reason is matpuarding, where individual fights to protect their
partner from an intruding conspecific mate or prevent them from seeking anothéChnegtais,
2021)

A trait that characterizes social monogamy is a pair pahére the male and female
cohabitate with each other and have a l®rgn selective attachme(Bue Carteet al., 1995)In
humans, individuals forming pair bonds have the added advantage of promoting familial
cooperation and encouraging diverse mate selection to prevent inbr@@dumgets, 2012)

Studies in humans also show a link between positive health and being in a social relationship

(House et al., 1988yhere individuals involved in social relationships had fewer depressive



symptoms and improved inflammatory respor(¢ésuse et al., 1988; Kieceltlaser and

Newton, 2001; KiecolGlaser et al., 2005)-rom observing the human and nonhuman benefits

of being in a pair bond and with the goal of gaining knowledge about their neural underpinnings,
the study of animal models in the laboratory that perform such behavior has become invaluable

to the field of socibaneurobiology.

1.4 Prairie Voles: A Premier Animal Model for Pair Bonding
In studying a specific behavior and its neural underpinnings, especially in a laboratory
environment, it is ideal to have a suitable animal model that exhibits appropriate ieédolog
properties to gain a better biological understanding of the behavior. For example, we have gained
considerable knowledge about motor learning and consolidation of learning through animal
models like songbirds, whose juvenile animals can learn the soagslobirds(Warren et al.,
2011) Another example is the study of the auditory system, where bats serve as an excellent
model because of their highly optimized echolocation beh@éMViasters and Jacobs, 198B)ies
and worms have been extensively studied in how they interact with their environment to feed,
mate, and fight to elucidate feeding, sexual, and aggressive bet{&viery and Horvitz, 1990;
Mann et al., 2013; Cheriyamkunnel et al., 20ZEMen in the overused and overgeneralized mice
animal model, researchers have investigated behaviors such as parental behavior and
vocalization and their associated neural mechan{§heng et al., 2020; Dunlap et al., 2020)
Prairie voles Microtus ochrogaster over the last three to four decades, have emerged as
the premier model for studying animal pair bonding. The prairies\aie socially monogamous
microtine rodents primarily found in central North Amer{saller and Krebs, 1970; Ophir et

al., 2007) In the wild, it is highly probable to capture a pair of malé f@male prairie voles in a



live trap compared to meadow volddi¢rotus pennsylvaniciswhich are considered socially
promiscuous. The captured voles are likely to be the same pair if the trappings are repeated
multiple times(Getz et al., 1981)n addition, when a male and a female prairie vole are paired
together in the laboratory setting, thfeym longlasting, enduring bond$etz et al., 1981)
These stable social bonds are charaadrtzy biparental care, where both sexes contribute
equally to nurturing the young and defending their territory against intruders. On the contrary,
such biparental behaviors are not observed in the meadow and montan®halesi$
montanu.

When prairé voles are tested in a partner preference test, a simple behavioral paradigm to
assess pair bond formati@rigure 1.1YWilliams et al., 1992)the paired individuals spend most
of the time in sidéby-side physical contact with their partners compared to strangers, animals
that are novel to the paiGavish et al., 1983; Carter et al., 198B) addition to the selective
preference for their partners, paired males and females that have had sexual contact show highly
aggressive behaviors toward unfamiliar conspecifics as a way to guard their matasecoimp
sexually naive individual§Getz and Carter, 1980; Getz et al., 19¥3)ing to the prairie voles
showing the following factors, (i) an apparent behavior to identify factorsritiate or inhibit
the formation of attachment bonds, (ii) an attachment behavior that is selective and enduring, and
finally, (iii) a measurable and manipulatable behavior, as defined by Insel and Young, they
provide the appropriate model to study therobiology of pair bondinginsd and Young,
2001)

From the studies into the neurobiology of pair bonding in prairie voles (and other non
monogamous species like mice and meadow voles), we have gained insight into the role of

neuropeptides such as oxytocin, vasopressin, dopamithetlaer related neurochemicals like



serotonin (5HT) and the opioid signaling. Additionally, we are developing a clear picture of
brain circuitry and areas that are regarded as the social brain centers. This network of brain
regions, including the nuclea@scumbens, the amygdala, the hippocampus, and the prefrontal
cortex, have neuronal projections and receptors that, when manipulated, can alter the ability of

the animal to form a social bond.

CTS

Figure1.1. A partner preference test &ssess pair bond formation. Female prairie
were paired with male conspecifics under varying conditions. A. Schematic of
preference test performed in e&cBamber. B Time spent in sidg-side contact with tt
partner and the stranger during-ar preference test (Adapted from Williams et al., 1
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1.5 Oxytocin

Initially implicated in uterine contractions during labor and promoting milk ejection from
the mammary gland during lactati(bale, 1906; Freundhercier et al., 19880xytocin (OT) is
a nine amineacid peptide (Cygyr-lle-GIn-Asn-Cys-Pro-Leu-Gly-NH2) that regulates social
behaviors like pair bonding and matal care(Pedersen et al., 1982; Williams et al., 1994; Sue
Carter et al., 1995; Young et al., 2001; Numan and Young, 2016)

OT is considered an evolutionarily conserved neuropeptide with oxyltkein

neurochemicals existing in varyisgecies, from insects to fish to mamm@safflinger et al.,



2008) OT, and its closely related neurochemical, arginine vasopressin (to be discussed later),
share genetic and biological similarities and are thought to haveaidd from an ancestral
gene vasotocin, which is found in reptiles and other vertebatber et al., 1996)in species
like birds and fish, OT has homologous, such as mesotocin and isotocin, which are associated
with social behaviors, survival, and reproductiécher et al., 1996)

In the prairie va¢, OT is synthesized in the paraventricular nucleus (PVN) and supraoptic
nucleus (SON) of the hypothalam{ig&argmann and Scharrer, 195The PVN has
magnocellular and parvocellular cells that make oxytocin, while the SON has only magnocellular
cells which synthesize them. The OT synthesized by the roaljmar and parvocellular is
released by three modes of transmission to the body and brain. The first of these modes is the
endocrine release, where the PVN and SON cells, with their axonal fiber projection to the
posterior pituitary gland, secrete OTdrthe bloodstrearfvandenPol, 2012) The second mode
of transmitting OT is via paracrine release, where OT is secreted from the dendrites and cell
bodies of the neurs into the cerebrospinal flu{de Kock et al., 2003)n both the endocrine
and paracrine secretions, OT is meant to act as a hormone. Finally, in the third transmission
mode, OT is released at theoa terminal via vesicles to the cell body and dendrites of neurons
that synapse with the PVN and SON cells.

In the endocrine and paracrine secretions, the OT released into the bloodstream is
implicated in having both peripheral and central functionsdilitite uterine contraction,
lactation, and parental cafeale, 1906; Summerlee and Lincoln, 1981; Gimpl and Fahrenholz,
2001; Francis et al., 2002)uring the onset of labor and lactation, there is a fsogmt increase
in the OT receptors (to be discussed later) in the uterus and the mammary gland associated with

an upregulation of OT in the bloodstream to help promote uterine contraction and milk



production. And in parental care, involving mothers bdognattached to their infants, there is

an upregulation of OT in the bloodstream, coupled with the paracrine release in the cerebrospinal
fluid during parturition. At the same time, the synaptic transmission of OT via the axon terminals
of the PVN and SOMeurons is thought to promote maternal attachment in some species, like
mice and rats, to their yourfdlen et al., 2013)

In addition to facilitating uterine contraction and parental care, the release of OT centrally
in the brain plays an essential role in mediating pair bond formation in animals. When OT is
infused via intracerebroventricular (ICV) injection into the prartes, the animals that receive
OT instead of artificial cerebrospinal spinal fluid spend more time inlsigede contact with
their partner compared to a stranger, an indication that OT promotes partner preference
(Williams et al., 1994)However, a peripheral (subcutaneous) injection of OT does not elicit this
partner preference response. The central release of OT produces a preference for the partner in
both male and feale prairie volegCho et al., 1999a)t has been observed that during social
interactions, the extracellular concentration of OTFeases in the female prairie vo[&oss et
al., 2009) And in human studies, Alhugh they need to be interpreted with caution, the infusion
of OT via nasal spray is thought to promote prosocial behaviors such as increased contact with
the eye region of human faces in males with and without autism during social interactions
(Figure 12) (Guastella et al., 2008; Andari et al., 2010; Auyeung et al., 204#f¢r the
intranasal infusion of OT, humans are likely to engage in-likesbehaviors and reduce fear
associated and betrayalersion behaviors duringaal interactionKirsch et al., 2005; Kosfeld
et al., 2@5). Even though there is skepticism as to the mode of delivery of OT, there is some

evidence to show that intranasal infusion elicits increased elevation of OT in the blood and CSF



(Neumann et al., 2013; Modi et al., 2014; Freeman et al., 20h6)activity of OT is mediated

by binding totheir canonical receptors, oxytocin receptors (OTR).

(@]

-
N

(=]

e

Healthy subjects

12
wbmwto Good

B Healthy
Subjects

HF- ASD patients oxytocin

e to GoOd

HF-ASD
Oxytocin

12 4

HF-ASD
Placebo

*to Good
to Bad
*to Neutral

HF- ASD patients placebo

===to Good
to Bad

S

~

- -
- -

Cumul.N.Ballssentby P

-" 0+
1

135 7 9111315 17 19 21
Figure 1.2. Oxytocin promotes prosocial behaviors in humans. A. A schemati
Cyberball game and batibss distribution, where a participant engages in a frounc
ball-toss game over a computer network with three fictitious partners, classifiedd
neutral, and bad. The figoodo profile
participant (P). The Aneutral o profi
10% of its played balls to the participant. B. Balés distributiongor healthy subjec
and for patients with HFASD treated with oxytocin or placebo. C. Time course of
tosses sent by participant P to players A (good) and C (bad) in a regularly space
interval bet ween pl(Adppted forAAndari etalsZHEE n

||||||||||

3 57 91113151719 21

:: ™ Y ™

to Bad to Bad
8 4 8 1 - b
4 4 3 4 B <
0

o

1.6 Oxytocin Receptors
The OTRs are G proteicoupled receptors encoded by a single gene that is conserved
across specig$noue et al., 1994)They are widely expressed throughout the body and brain and

can be found in the uterus, kidney, heart, mammary gland, and Gieipl and Fahrenholz,

2001) In the pemhery, the binding of OT to the OTRs is implicated in mediating reproductive
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functions in both females and males, like parturition and lactation and erectile function and
copulation, respectively. In the brain, the OTRs are densely expressed in areascalsaitt
the social brain network, such as the nucleus accumbens, the amygdala, the prefrontal cortex, and
the olfactory bulb. The expression in the brain varies widely from one species to another. For
example, even within closely related species likarf@ voles and meadow voles, there is a
higher concentration of OTRs in the nucleus accumbens and amygdala in the prairie voles than
in the promiscuous meadow and montane v@éspiro and Insel, 1992; Olazabal and Young,
2006) Across species, there is an elevated expression of the OTR in the lateral septum of mice
and meadow®les compared to the prairie vole and rats. At the same time, the prairie voles have
higher OTRs in both the shell and core of the accumbens and the caudate putamen than in mice
and ratgOlazabal and Young, 20Q@&ven within the same species, there is a natural variation
of the OTR expression in the brain. Due to a single nucleotide polymorphism in the gene, some
prairie voles have a high expression of OTR in the nucleus accumbens than others with low
expressionn the same brain regiqiKing et al., 2016) Given the varying degree of OTR
expression acroghifferent animal species, especially in the prairie voles, we have gained a wide
sphere of knowledge about its possible role in social behavior.

Early work with OTRs in prairie voles showed how central they are to pair bond
formation and other social ba¥iors. ICV infusion of oxytocin receptor antagonist (OTA)
inhibits paired animals' preference for their partrfé/gliams et al., 1994)Even after mating,
when an OTA is entrally infused into the brain of prairie voles, it reduces the partner preference
formation(Insel and Hulihan, 1995)In subsequent studies, a ssggecific injection of OTA into
the nucleus accumbens or prelimbortex blocks matinghduced pakbond formation in female

prairie volegYoung and Wang, 2004)sing vral techniques such as RNA interference to
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knock down the OTR in the accumbens, thereby reducing its density, inhibits the pair bonding

(Keebaugh et al., 2015)
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Conversely, taking advantage of this viral technique to overexpress the OTRs within the
accumbens via virahediated gene transfer also facilitates the formation of partner preference in
the prairie volegFigure 1.3XKeebaugh and Young, 201Related to the individual genetic
variation of the OTRs in the accumbens, voles that overly express OTR show a significant
preference for the partners compared to voles will low expression of(Kieget al., 2016)In

slice preparations, voles that had social experience through pair bondingaighjifincreased
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the amplitude of the excitatory postsynaptic current and potential in the nucleus compared to

virgin animals, whichhad no social encounter
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Figurel.4. OT knockout (OTKO) mice fail to display sociaécognition despite apparer
normal olfactory and spatial learning abilities. A. Male mice were allowed to investig
same ovariectomized (OVX) female during each of four successimi 1rials. B. Mict
investigated different OVX stimulus femaleseach repeated trial. (Adapted from Ferg:
et al., 2000)

1.7 Influence of the Oxytocin System in the Social Brain Network

The OT system (OT and OTRSs) are not only associated with the accumbens regarding
social behavior. We have alkmrned much about their roles in social recognition and memory
from other species, like mice and rats. In mutant mice, where the oxytocin gene has been
knocked out, the mice fail to remember their social interactions with a conspecific animal that
they were exposed to as compared to the syjae animals (Figure 1.4Ferguson et al., 2000;
MacBeth et al., 2009)The OT knockout mice spent approximately equal time investigating mice
they interacted with in four sessions. On the contrary, the wild types spent lessan gaeh

subsequent session, which is the typical behavior of mice in exploring familiar individuals. The
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|l ack of soci al recognition and memory was not
objects or have spatial memory, but it was a resulteofXh being necessary for such a task. In

the same studies, when OT was administered via acute intraventricular infusion to mutant mice,
social memory was rescued, i.e., the mice spent lesser time in subsequent trials after exposure to
the stimulus mice. Heever, an injection of OTA inhibited the social memory of the wild types

but not the mutant mice. In a subsequent study, when OT was injected before an initial encounter
with a stimulus animal, the mutant mice were likely to recognize the animal vetisas if

injection was given aftehe first social exposur@igure 1.5 Ferguson et al., 2001)
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Further studies have narrowed down to specific brain regions to how the OT system
modulates social recognition and memory. For example, as shown in experimBofslbgnd
van Ree, 199%he infusion of OT in the medial preoptic area promoted the social recognition of
adults of stimulus juvenile rats, where the resident rats spent less time on repeated exposure to
the same juvenile than when they received a saline pldPelpik and van Ree, 1991)
Similarly, studes that have looked at early gerEas, an immediate protein marker indicating a
neural response, in the medial amygdala, the bed nucleus of the stria terminalis, and the medial
preoptic area showed significant induction of #iesn wild types than muta OT knockout
mice when they are repeatedly exposed to a stimulus affer@uson et al., 2001 addition,
site-specific infusion of OT in the medial amygdala rescues the social recognition in mutant
mice, and in contrast, injection of OTA into the saanea of wild types inhibits the recognition.

Adding to growing knowledge about OT in the social brain network, using
channelrhodopsin2, a liglaictivatable opsin that leads to excitation, to optogenetically stimulate
the PVN in mice caused a significantiease in the social memory of the stimulus animals
compared to a control that did not receive the same optogenetic stimulation (Figur€OegiA)
et al., 2016)And for other brain areaxf interest like the anterior olfactory nucleus (AON),
using a slice preparation to determine their role, when a selective OT agonist, TGOT, is applied
or its OT fibers are ontogenetically activated, there is an increase in the firing activity of the
AON cells, as captured by the higiequency of both the excitatory postsynaptic current in AON
and the inhibitory postsynaptic current in the main olfactory bulb (MOB), which receives
projections from the AON (Figure 1.68) (Oettl et al., 2016)This activation of OTR in AON is
thought to modulate the firing activity of MOB cells by suppressing background firing activity

and increasing the peak firing responses to odors.
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induced normalized inhibitory postsynaptic currents (sIPSC) in mitral cells in the
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The OT system influences cognitive and memory centers like the prefrontal cortex (PFC)
and hippocampus. In the PFC, an area associated with the brain's executive functions and goal
directed behavior, when the OTR expresggicamidatiike neurons in the PFC are activated,
they inhibit social recognition in mice, making them spend considerably equal time with novel
and familiar animal¢Tan et al., 2019)Likewise, looking at the hippocamptulke OTRs are
expressed in the dentate gyrus, CA1, CA2, and CA3 cells. When the OTRs expressing neurons in
the hippocampus of mice are blocked, the animals cannot form a social memory of their
encountergRaam et al., 2017However, when TGOT is applied to slice preparation of the
hippocampus, it increases the probability of evoked postsynaptic firing while simultaneously

reducng the baseline activity of CA1 pyramidal cgl@wen et al., 2013)
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1.8 Arginine Vasopressin

The OT system does not work by itself to modulate social behavior during pair bonding
but has an interplay with other systems such as the arginine vasopressin (AVP), dopamine (DA),
serotonin (8HT), and opioids. AVP is a nir@mino acid (Cyslyr-PheGIn-Asn-Cys-Pro-Arg-
Gly-NH2) that shares a similar protein structure to OT except at the third and eighth positions.
AVP is thought to have evolved some few million years before oxytocin from their ancestral
precursor vasotocin. It is also synthesized in the RFNISON of the hypothalamus and released
into the brain and body along similar pathways to(Barberis and Tribollet, 1996; Caldwell
and Young, 2006)Unlike OT, AVP has three G protetoupled receptors, V1aR, V1bR, and
V2R. However, studies have shown that there is eakdetwen AVP and OTs: AVP can
bind to OTRs and its three receptors, while OT has an affinity for its receptor, OTR, V1aR, and
V1bR (Kimura et al., 1994; Chini et al., 1995; Hawtin et al., 2000; Song et al., .ZDieefore,
it is no doubt that AVP and its receptors have heglicated in facilitating pair bonding in
voles.

An ICV infusion of AVP in male prairie voles induces partner preference, with the
animals spending more time huddling with their partners than with straiVgersow et al.,
1993; Cho et al., 1999bConversely, when antagonists are administered to the V1aRs in the
ventral pallidum and the lateral septum, the male prairie voles do not prefqratiears over a
strangel(Liu et al., 2001; Lim and Young, 2004Furthermore, using viralectormediated
techniques, like RNA interference, to knock down the V1aRs produces similar results of voles
not showing any preferen¢Barrett et al., 2013)

However, unlike the OT system, which is thought to promote affiliative behaviors, the

AVP system is associated with aggressive behaviors like fighting and d@fenss et al., 1997,
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Veenema et al., 2007; Veenema and Neumann, 2008)these aggressive behaviors are
viewed as a matguarding approach adopted by prairie voles to protect their partners, offspring,
and territory against intruders and as a way to maintain their social fatisn and Young,

2018)

1.9 Dopamine

In addition to the OT and AVP systems, DA helps facilitate the pair bond formation
between prairie voles. The nucleus accumbens;iwdpresses receptors for dopamine, receives
dopaminergic neurons from the ventral tegmental area. Studies have shown that when DA
agonists are also peripherally administered, male and female prairie voles without mating with
their oppositesex conspecifi animal show a preference for the partners. Conversely, an infusion
of nonspecific DA antagonists peripherally into the body blocks mitichgced partner
preference in both male and female prairie v@igang et al., 199; Aragona et al., 2003
addition, a sitespecific injection of the DA antagonist into the accumbens blocks mating
induced partner preference.

It is known that the nucleus accumbens has two types of DA receptors, D1 and D2
receptors. Infusion ofetective D2like receptor (but not Dlike receptor) antagonist inhibits
matinginduced partner preference in both male and female prairie (Wiasg et al., 1999; Liu
and Wang, 2003)0n the contract, injecting a BElke receptor (but not a Dlike receptor)
agonists without mating facilitates partner preference. It is an indication tH#&eD2ceptors
are necessary for the formation gbair bond.

The DZlike receptors, on the other hand, are involved in the maintenance of the pair

bonds. After the voles have been paired for a while (at least more than 48 hotliisg, (Dt
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not D2like) receptors are expressed more in the nucleus dmmsnSuch that blockade of the
D1-like (but not D2like) receptors within the nucleus accumbens abolish the aggressive

behavior towards strangdi&ragona et al., 2006)

1.10 Opioids

The activity of DA is conjoined with that of opioids. The neurons that expres&d®?2
receptors contain enkepopddireseptorathat eediateco genous |
motivation and positive hedoni¢Becifia and Berridge, 200%yhereas neurons containing
dynorphin, the e-oploageeptoratsat nediagea aversioh and negative
affect, express Dlike receptorgStevens Negus, 2011) Per i pher al -@michi ni str a
receptor antagonists prevents bond formagi®urkett et al., 2011)Similarly, sitespecific
i nj e c t-apioichreceptor amtagonists into the caudatamen and NAc shell (but not NAc
core) blocks partner preferenurkett et al., 2011; Resendez et al., 2013)

Conversely, peripherallyand sispe c i f i ¢ a d miopididsrdceptartantagoniste f o
significantly decreases selective aggression inlpanded male prairie voles toward an intruder
(Resendez et al., 2012) However , t hi-opioibréceptokdaes rot afftftheit h e o
affiliative behaviors.

The current hypothesis in the field is that bothIDL k e -opiaddeceptors interact to
mediate selective aggression. Therefore, if either one or both receptors are activated, voles are

likely to engage in an attackifghavior(Resendez et al., 2016)
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1.11 Endocanabinoids

Recent research from our lab has shed light on the interaction between endocannabinoids
(eCBs) and the OT system in paionded voles. The eCBs are thought to act as retrograde
regulators of synaptic transmission between ¢€léstillo et al., 2012)Currently, there are two
known types of eCB receptors, CB1 and CB2 receptors, and among these eCB receptors, the
CB1 has been implicated in pair bonding. When CB1 receptors are blocked waittagonist in
slice preparations of pabbonded females (but not virgin females), a TG@duced excitatory
postsynaptic potentiation is inhibited, possibly indicating the eCB system is necessary for OT
activation(Borie et al., 2021)Conversely, when a CB1 agonist is applied, there is an increase in
the excitatory postsynaptic potentiation in the cells, similar to if TGOT was applied to those

cells.

1.12 The social salience hypothesis

Given the knowledge that we have garnered from the studies on the influence of the OT
system in regulating social behaviors in prairie voles, mice, rats, and primates, a leading question
that arises is how does the OT system work within the social briamometo facilitate the
formation of a pair bond between animals? One leading hypothesis in the field is the social
salience hypothesis.

The social salience hypothesis postulates that OT is released from the PVN into the social
brain centers during socimteraction to make the social information salient. This salience is
achieved through recognizing an individual's pleasurable and rewarding encounter with its

conspecific and developing a memory about the individual's identity. The process is
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accompaniedtby a plasticity that occurs in brain regions such that a subsequent exposure with the

individual, even after a brief separation, evokes the rewarding éfigcire 1.7)

Motor nuclei

il \\,, A
@ — OT and social salience O Valence
@ — Dopamine O Social memory (engram)
Olfactory processing @ Empathy
= Oscillatory modulation O Cortical control
— Social identity ® Reward
Motor output

Figurel.7. The oxytocin system and other neurochemicals in the social brain network.
social interaction, odorarcues released fromsoonto-be partner are processed in the r
olfactory bulb (MOB) The PVN releases OT to bind the receptorshmanterior olfactor
nucleus(AON) to activate the excitatory neurons, whiattivateMOB's inhibitory neuron
The acivation of MOB by the OT fibers of the AON causes it to suppress the spont
firing activity, which might be responding to random odorants, and amplify the social ¢
is received from the partnéfrhe salient sensory information is transferredhglone of sever
possible pathways to the amygdala, which receives projections from MOB and ac
olfactory bulb OT acts in themedial amygdalgMeA) andbasolateral amygdal@BLA) to
facilitate olfactory learning and memory addition, a social egram of neurons within tl
hippocampus (Hipp) is activated to retain information about the partner. Concu
rewarding experiences such as matthging social interaction activate the VTA to rele
dopamine intathe nucleus accumben®NAc) and prefontal cortex (PFE The connectic
between PFC and NAc under the regulation ofddides the animal's behaviors the socie
context. (Adapted from Walu@nd Young 2018)
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1.12.1Social Sensory Stimulus Transmission

To put the social salience in a better context of the social brain, given the knowledge
gained so far, when an animal, for example, a prairie vole, is paired with a conspecific, the vole
receives visuaauditory, and odorant cues from the other individual. Although the visual,
auditory, and somatosensory cues have not been extensively explored regarding the social
salience model for bond formation, much is known about the sensory information vieolfact

The odorant cues from the individual setorbe partner are processed in the main
olfactory bulb (MOB), which has few OT terminals and recepfdexcari et al., 1998)The
MOB receives projections from an OJdense anterior olfactory nucleus (AO{fyreund
Mercier et al., 1987)which directly receives OT neurons from the P{iviobloch et al., 2012)
According to the social salience del, the PVN releases OT to bind to the receptors in AON to
activate the excitatory neurons, which then activates MOB's inhibitory nei@etttet al.,

2016) The activation of MOB by the Dfibers of the AON causes it to suppress the
spontaneous firing activity, which might be responding to random odorants, and amplify the
social cue that is received from the partner. This manner of OTR recruitment shows the OT
system's role in increasinige signalo-noise ratio, a component of the salience hypothesis.

The salient sensory information is then transferred along one of several possible
pathways to the amygdala, which receives projections from MOB and the accessory olfactory
bulb. In the amydala, specifically in the medial amygdala, MeA, the OT system facilitates
encoding social information about the partner's identity. Studies have shown that when the OTRs
in MeA are inhibited with antagonists, mice are unable to recognize a familiar aandal,
inversely when OT is infused into the MeA of OT knockout mice, the social recognition is

rescuedFerguson et al., 2000, 2001)
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Another amygdala area implicated in the circuitry for the social salience model is the basolateral
amygdda (BLA), which receives projections from the OT expressing glutamatergic neurons of
the prefrontal cortex (PFGYan et al., 2019)it is thought that OT enables social recognition by
coordinating the temporal and spatialipling of social stimuli between the PFC, BLA, and
hippocampus. Hence, any dysregulation that disrupts the synchronization within this circuitry
leads to an impairment of the social memory of a partner. As evidenced by a study by Tan and
colleagues (Taet al., 2019), when they optogenetically activated OTR expressing pyramidal

like PFC neurons, either at the cell body or the axon terminals to BLA, they impaired the social

recognition of familiar mice.

1.12.2Social Recognition and Memory

As part of the bond fonation, the animals must recognize their partners so that they do
not waste time trying to refamiliarize themselves. In addition to the recognition, the animals must
create a memory (social) of their encounters with their partner since, during theictiotes,
they could have rewarding experiences such as m@#flagnelstein and Becker, 1995; Becker
et al., 2001; Raset al., 2009)To form a social memory of the partner, the brain engages the
hippocampus, an area historically associated with memory forn(&liorernoy, 1988)The
hippocampus receives projection from the PVN and expresses OTRs in both the dorsal and
ventral parts. The hippocampus asemds projections to the nucleus accumbens via ventral CA1
neurons. Inhibition of these projections prevents the animals from remembering the encounters
with their conspecific partngOkuyama et al., 2016 herefore, during a social interaction with
a partner, the information about the partner is encoded in the neurons in the hippocampus.
However, this encoding is not on all theurens; instead, a subset of them, which is referred to

as an engram. Such that the reactivation of this engram of cells leads to recall of the memory
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about the partner. In addition to having a social memory engram, the activation of OTR
expressing neuronsads to an enhanced sigit@noise ratio by increasing the probability of

firing activity and reducing spontaneous actiil@wen et al., 2013)

1.12.3Social Gating

With the animals having encoded a social recognition and memory of their partners, they
would have to create a positive, rewarding association with the behaviors such as mating,
huddling, and allogrooming they shared with them. This social information is transferred to the
nucleus accumbens, an area thought to promote the likelihood ama¥igghaviors to achieve
motivationally goals either with rewarding or avoidance of aversive conseqyétmesco,
2015) The nucleus accumbens receives cortical and limbjegirons from the prefrontal
cortex, amygdala, hippocampus, and dopaminergic inputs from the ventral tegmental area (VTA)
(Floresco et al., 1997, 1999, 200&ne can view the accumbens as a servant to many masters,
and one of its requirements is to gate social behavior. As seen ibdhreareas expressing
OTRs, the nucleus accumbens receives many projections from the PVN. The OT released by the
PVN binds to the higltoncentration OTRs in accumbens and, in so doing, modulates the social
behavior of animals. The interplay of the OT systwith other neurochemical systems like AVP
and DA facilitates the performance of prosocial and affiliative behaviors in a manner that
increases the sign#d-noise ratio of social cues received from a conspecific partner.

In summary, the sociahlience hypothesis presents a model through which we observe
the OT increasing the signal of social cues between animals and suppressing the noise of later

signals from other animals or objects so that a pair bond is established and maintained.
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1.13 Concluding Remarks
It may look like we have a clear picture of the OT system's role in forming pair bonds,
especially in prairie voles. However, a recent publication by Berendzen and colleagues paints a
different view. They showed that by using advanceal ¥echniques, like CRISPRas9, to
knock out the OTR, prairie voles exhibit a strong preference for a péBmendzen et al.,
2022) The mutant voles, with OTR, knocked out globally both centrally and peripherally, are
capable of forming pair bonds, i.e., they spend a significant time irbgidele contact with
their partner compared to strangers when assayed with the partner preference paradigm. As you
will read in chapter 4 of this manuscript, we also replicated these findings in our experiments.
Another aspect of pair bond formation thas yet to be explored is the behavioral
dynamics of forming bonds. Most studies discussed in this chapter only measured the voles'
behavior after forming a bond. They did not quantify the social behaviors of the animals as they
interacted with one anothdn chapter 2, we will consider how to measure animal social
behavior. Then in chapter 3, we will discuss the advancement we have made to improve the
detailed tracking of social behavior to enable the investigation of the behavioral dynamics of
forming pair bonds. Chapter 4 investigates how knocking out OTRs alters the voles' social
behavior during pair bond formation. Finally, we will end with a chapter on future directions and

possible experiments to further our understanding of animals' social behavior
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Chapter 2THE ENIGMA OF QUANTIFYING SOCIAL BEHAVIOR

2.1 Introduction

In this chapter, | will present our perspective on measuring animal social behaviors. First,
| will explain what has been done to measure behavior in a general context, from individual to
cdlective behaviors. Second, | will talk about the gap in measuring social behavior and the
challenges faced in trying to do so. Third, | will then present our framework for addressing this
gap and what has been done to measure behaviors in social cdartethg, | will conclude

with why measuring social behavior accurately and precisely is important.

2.2 Background

In the midtwentieth century, when Nikolaas Tinbergen and Konrad Lorenz presented
their viewpoint of measuring animal behavidinbergen, 1952, 1963; Lorenz, 1966; Hess et al.,
1982) it was contrary to the popular approach adopted by Skinner and other beha\joniess
and Skinner, 1939hich focused on measuring a response to stimulus in learneddrelfravi
example, instead of quantifying the number of times a rat pressed a lever for food in a controlled
experimental setup, Tinbergen and Lorenz were more interested in measuring the innate behavior
of the animal in a naturalistic setting. For examtile,gaping beak reaction of young thrushes to
the presence of food from their mother or two male sticklebacks fighting during nuptials
(Tinbergen, 1952)To this end, they had one central question in mind, and that was why animals
behave as they do.

To answer this trivial but complex question, one needs to understand the internal and
external causes dfi¢ behavior and, to an extent, the ontogeny of the behavior. Beyond that, the

appropriate language is required to describe the set of actions that the animal performed to
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execute the behavior. The language can take the form of descriptive words indicating

sequence of behavioral steps; for example, in the gaping reaction of young thrushes, the young

birds open their beaks wide when they observe their parent tower over them with food. However,

this language could be more precise if some metrics weseiatsd with it, i.e., the distance and

height of the parent bird need to be from their young to elicit the gaping reaction from the chicks.
The goal of attaining such quantitative precision and details in describing innate behavior

gave rise to the compational ethology field. The field of computational ethology relies on

applying mathematics and physics to quantify the innate behavior of animals in their naturalistic

environments. In this field, two areas that have greatly benefited from the progoesanmshe

studies of animals' individualistic and collective behaviors. In regard to collective behaviors, we

are referring to behaviors of large groups of animals, e.g., a swarm of bees, and a flock of birds.
In individualistic behaviors, i.e., the sequences and repertoire of behaviors performed by

a single animal, there has been substantial progress in understanding the movement dynamics of

the animalRichard and Dawkins, 1973; Stephens et al., 2008; Branson et al., 2009; Berman et

al., 2014; Wiltschko et al., 2015%everal raely written reviews cover the progress of

guantifying single animal behaviof&nderson and Perona, 2014; Brown and De Bivort, 2018;

Datta et al., 2019; Pereira et al., 2Q0Z8)r example, work by Stephens and colleagues showed

that the motion o€. elegansan be reduced to a set of kalimensional representations

sufficient to describe the animal's beha\®tephens et al., 2008y recording the movement

of theC. elegansinder a microscope and assuming several arc lengths annotated along the body

of the animal were descriptive of their postureythpplied a computational approach (principal

component analysis) to decompose the posture into four modes that represented the forward and

backward motion of the nematode, its turning behavior, and Omega configuration, and the shape



27

of the head and taikegion of the worm (Figure 2.1). Given the lalivnensional representation,
they found equations that described some animal motions and were able to quantitatively predict

the response of the animals when they altered the temperature of their environment.

D E

1

o

(]

@

3

[~ o/ Q L)

>

)

\ f 4 3

a3<-3 -l<az<l a;>3 -1
=7t ¢ T

Figure2.1. Low-dimensional representation of the behavioral dynamics of C. elegans. A
of aC. elegansaptured under microscopy and the tracking of a curve along the cente
body. B. Dimensinal decomposition of the posture into four eigenmodes (with
eigenvectors referred to as eigenworms) that capture 95% of the shape variance of the
The populatiormean eigenvectors (red) are highly reproducible across individual
(black). C. The probability distribution of the first two mode amplitudes, r(al, a2), shows
of nearly constant amplitude. D. At different positive and negative amplitudes for th
mode, the animal assumes different body postures with bends in thed dods ventr:
directions. E. Trajectories in the deterministic dynamics. A selection oftaaeytrajectorie
is shown in black. At late times these same trajectories collapse to one of four attractc
forward andbackward crawling and two pausktes. (Adapted from Stephens et al., 200:

Like quantifying individual behavior, theoretical and computational models have spurred
an understanding of collective animal behaviors. Theoretical models like thebagedtmodel
have been developed to oef a set of rules to govern the behavioral dynamics of animals in

large groupgAoki, 1980; Morgan and Okubo, 1981; Reynolds, 1987; Couzin and Krause, 2003)
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These rules consider the agent's direction (an individual animal within the group), the alignment
of the agat relative to other individuals, and the force factor in determining the attraction and
repulsion between the agents. For example, Couzin and colleagues showed that by slightly
modifying the underlying rules that govern the dynamics of interactions athergimals, they
could explain different collective behavioral states of anirf@sizin and Krause, 20038y

altering the distances an agent maintains to remain in certain zones, such as the zones of
attraction, omentation, and repulsion relative to other individuals (Figure 2.2A), they could
influence the group polarization and group angular momentum (Figure 2.2B). A change in the
group polarization and momentum meant the collective behaviors transitioned framalike

state to a highly parallelized state (Figure 2.2C). Hence, when animals exhibited attraction and
repulsion behaviors but low parallel alignment with their neighbors and low momentum, they
exhibited swarmlike behaviors, as seen in mosquitoes. Aadhe behavioral interactions build

up to have a high degree of alignment and maintain a strong force of attraction and repulsion
between the animals, they show a dynamic parallel group like the aggregation of bird flocks and
a school of fish.

Despite tle wealth of understanding gained from both ends of the spectrum of
guantifying individualistic and collective behaviors, there is a considerable gap in knowledge
regarding measuring social behavior in two to three animals. We do not have the same precise
and detailed theoretical and computational models to explain the social interactions between two

or three animals.
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Figure2.2. Dynamics of collective behaviors in animals. A. A representation of an duw
in the model centered at the origin: zor = zone of repulsion, zoo = zone of orientatiol

zone of attraction. The possible 66bl i
of perception. B. A plot of the group polarizatiogiof (Ieft) and angular momentumggi,
(right) as a function of changes in th
&er a: The ar e&adycorcegpond toghd ara@asof parameter space in whic

collective behaviors (C), respectiyglare found. Area (e) corresponds to the regic
parameter space, where groups have a greater than 50% chance of fragmenting
collective behaviors exhibited by the model: (a) swarm, (b) torus, (c) dynamic paralle!
(d) highly parallel grop. (Adapted from Couzin and Krause, 2003)

2.3  The question of social behavior

The limitation of not having the same level of a detailed mathematical framework for
social interaction between two or three animals might be due to being unable to clearly
distinguish the animals' behaviors. For example, when an animal approaches another and is in
faceto-face contact for a short moment with them, is the behavior classified as an approach to
oral investigation or just an approach (see a video sample ofsbelael behavior in prairie

voles- https://github.com/senakoko/Thesis Videos/tree/main/Chapter 2 Yzt if a few
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seconds after thanimal that approached attacks the other, is the entire bout considered an
approacHo-attack, or it needs to be broken down into-sulidules describing every sequence?
Alternatively, the difficulty of developing detailed metrics to quantify social behavight

primarily lie in its definition. Do we take the idea that when two or three animals are performing

a set of behaviors within the presence of each other as a social behavior? Or do the animals need
to interact with one another before we say theyemgaged in social behavior? Or does the

context of being a social setting dictate that any sequence of animal behaviors should be
considered social behavior? Where and when does one behavior start and stop, and when does
another follow during social iatactions? One quickly begins to appreciate how difficult it is to
define O0soci al behavioré for a few ani mal s.

for measuring social behavior.

2.4  Social Behavior

To provide this computational and mathatical model to measure social behavior, we
have first to answer the question of what social behavior is. Taking on a simplistic view, we
define social behavior as any movement that animals perform that is either affected by or affects
another individugk). These behaviors can have a noticeable direct-taspense effect, such as
fighting or mating between animals, or a subtle form, such as the posture and orientation of the
animals before engaging in a fight. Even with this simplistic definition rakgeestions arise,
and an example is at what time scale are we considering social behavior to happen? The time
spent performing the social behavior can range from a quick thrust forward to attack another
individual, which might indicate a short time sealf seconds, to longer time scales, for

example, a parental care behavior of feeding the young.
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based on their stereotypy.

2.5 Framework for measuring social behavior

To quantify the social behavior of animals, we propose a framework that focuses on
measuring the animals' momét-moment social behaviors (i.e., an ethogram) as they interact
with each other (Figure 2.3A). In our framework, we will adopt the short tiade s€ social
behavior from milliseconds to minutes to allow us to observe the gradual temporal evolution of

the ani mal 6s behavior, mar ked with different
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behavior initially occurs, how often it occurs, andentht gradually tapers off or stop to happen.

In addition, given that we would have an ethogram of both animals, we can consider
synchronization among the individuals, possibly due to imitations or just spontaneous activities
that happen to be performednsiltaneously.

In addition to the ethogram framework, we propose creating a representation that
captures the animals' stereotyped andsteneotyped behavioral patterns (Figure 2.3B).
Therefore, we build a twar threedimensional behavioral space whereguently occurring
(stereotyped) behaviors are clustered in their own regions, ancbnamonly observed (nen
stereotyped) behaviors are grouped by themselves. This idea of creating a behavioral space that
maps the social behavior of the animals wouldvallis to identify behaviors that are either
unique to each individual or shared among the group. As we shall see later in this chapter, we

can quantify behavioral transitions based on this map.

2.6 Developing a pipeline for the framework

To measure theosial behavior of the animals, we have first to record the social
interactions, track their postures, then classify and analyze their behaviors. The first step of
recording social behaviors is critical in determining the output of the behavioral metsure. |
because the recording medium can take several modes, from videography to microphone to
movement detectors like accelerometers and IR Haaak sensors. Each medium for recording
the behavior would have its unique advantage; for example, microphenedgal for capturing
soundgenerated behaviors like vocalizations. For example, an adult songbird teaching a juvenile
bird how to sing, a mating call between frogs and meerkats making sounds to alert its gang of a

possible intruder are social behavid®.beambreak sensors are suitable for determining when



33

an animal crosses a threshold to interact with another animal. The number of times the beam is

broken can be considered a measure of the interest level that the animal shows toward the other.

2.6.1 Videography

However, in our framework for measuring social behavior, we will limit our recording
mode principally to videography, although measured acoustic information can be later embedded
into the framework to expand the context of the behavior. Tdeouiecording provides
information about the movement dynamics (i.e., kinematics) of the animals and their
environment, which not be captured by the microphone and other recording devices. In addition,
it offers a high spatiotemporal resolution of the adshbehaviors.

Videography has benefited considerably from the advancements in developing high
speed and highesolution recording cameras. There are designsdoh2nsional cameras that
have a resolution and frame rates capable of capturing theedetaibtle, and fashoving body
parts of an animal that define their behavior. For example, some cameras can capture the fast
wing flapping of birds or insects and a Sierra Nevada salamander shooting out its tongue in less
than 20 milliseconds to catch arsect(Deban and Richardson, 2011) addition, some cameras
can provide depth information to creat8-dimensional (3D) resolutiofHong et al., 2015;
Wiltschko et al., 20159f the animals. Even with 2D cameras, 3D reconstructions of the animals
can be generated based on how the cameras are pos(tiatkadt al., 2019; Dunn et al., 2021;
Marshall et al., 2021)We would refer the reader to extensive reviews on video recording in

these referenceg®ell et al., 2014; Robie et al., 2017)
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2.6.2 Tracking

After recording the social behaviors, thexhgtep in the pipeline for the framework is to
track the animal sdé positions and postures. Th
was centered around annotating their center of mass. These methods were computer vision and
machine learnindgpased approaches used to track the position and posture of a(tipialk et
al., 2001; Branson et al., 2009; PéEescudero et al., 2014; Hong et al., 20¥)wever, over
the last deade, owing to the advancement in deep learning knowledge, there has been an
explosion of methods that have led to identifying multiple body points besides the centroid of the
animal(Mathis et al., 2018; Graving at., 2019; Pereira et al., 2019; Lauer et al., 2021)
Researchers can simultaneously track multiple animals' noses, limbs, tails, and other body points.
Not only are the postures tracked in the 2D, but there are also 3D annotations of the animals that
can be labeled.

Despite highlighting the advances in methods to track the postures of multiple animals,
there are still limitations that we would like to point out. The rratimal tracking tools cannot
maintain the animal's identities robustly andatelly throughout the entire recording. This issue
is more prominent when the animals are near each other. The issue of swapping identities could
be I ess of a problem if knowing the ani mal 6s
knowing the identit is essential because it could provide insight into the temporal evolution of
social behavior for a specific animal. For example, in an experiment involving male and female
prairie voles during cohabitation to form social bonds, it is important to krewidentities
because there might be a sexual dimorphism regarding how they interact. For example, males

might show more aggressive behaviors than females, which might be more defensive. In the next
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chapter, | will delve more into the limitations of thelth-animal deep learning approaches and

the solutions we have developed to resolve them.

2.7 Extracting ethograms

For this framework we have set up, we would assume that we have perfect 2D or 3D
tracking with no swapping errors or mislabeled body pahtke postures of the animals. With
the perfectly tracked points, we can build a behavioral classifier to extract the behaviors
performed by each animal. As with all classifiers, they need to be trained with a set of features
and predefined behaviors. 8$e features can be obtained from the animals' position, orientation,
distance, and speed from the tracked body points. The identification of behaviors to train the
classifier remains to be the challenging part. As discussed earlier, the precise |dliakng o
behavior seen can vary widely from observer to observer. Although to the animal, its intention of
the behavior it desires to perform is known, scientists would never know it, but instead must
impose a description based on their knowledge and exjpect@ib resolve this dilemma, we
suggest the behavioral annotation be done by three individuals (although a larger number would
be ideal but not feasible because of limited personnel to score behaviors in most laboratories). As
suggested by the scorersg ttbnsensus definition of behavior and its average start and stop times
can be used in the classification. Given the features and defined behaviors, a machine learning
classifier such as a support vector machine (SVM), adaptive boosting (AdaBoost),dord ran
decision forest (TreeBagger) or a deep learning recurrent neural network can be trained to

identify a momenby-moment classification of the behaviors.
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Figure2.4. A schematiaepresentation of grouping behaviors into orders for anime
and (b). A. Examples of a firsirder grouping showing an individual (a) approac
another stationary animal (b) and an animal (a) moving away, either escaping or
departure, fromhe other individual (b). B. A secoratder grouping shows an animal
approaching another and then huddling with them (a) or the two animals huddling
(b) departing. C. Examples of a third order where an individual (a) approaches ar
probalby orally or anogenitally investigate the other animal (b), where either anima
(b) escapes. (Adapted from de Chaumont et al., 2012)

This ethogram of behavior provides a basis for understanding the spatiotemporal
evolution of social behaviors amgpimdividuals. An approach that can be adopted is to group the
behaviors into three event categolige Chaumot et al., 2012)These groupings can reveal
how behaviors emerge for a set of actions as the animals interact with one another. For example,
A single continuous movement of an animal towards, away from, and following other

individuals can be categorideas a firsiorder event (Figure 2.4A). This event is based on the
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relative speed of movement and change in distance between the animals. When-oxabefirst
events are combined, for example, two individuals havelsiggde contact, and then one

moves avay to interact with an object or another animal, that can be considered a-sed@nd
event (Figure 2.4B). A thirdrder event can be extracted in the last categorization when two
secondorder events are temporally concatenated (Figure 2.4C). In g, @ne animal goes to
contact with another, both have a brief period of social interaction, eithdnys&lde contact,
oratoral interaction, or oragenital, and one animal then escapes. From the temporal evolution,
you can create a hierarchical sture of behavior transition. The hierarchical behavioral
transition (to be discussed later in this chapter) would show the likelihood of certain behaviors

occurring before or after othefde Chaumont et al., 2012)

2.8 Mapping behavior into a space

Although creating an ethogram of the momytmoment behavior through the
prescribed approach presented abmight capture the social behaviors of the animals, it is
likely to be biased by the subjective classifications of the human annotators. Also, due to
anthropomorphic expectations, subtle interactions might be overlooked. Hence, we propose
mapping the postal dynamics of the animals into a space that maps their stereotyped behaviors.
This theoretical framework gained initial precedence in siaglemal behavioral quantification
by mapping their movements into a representation that reveals their behayertdire
(Berman et al., 2014)n this approach, an unsupervised method (MotionMapper) creates a 2D
probabilistic space of the stereotyped behaviors based on the animals’ video data or tracked

points (Figure 2.5).



38

image postural spectrogram nonlinear spatial
processing and alignment decomposition generation embedding segmentation

Figure2.5. A pipeline for mapping behavior into a loweimensional representation. Ima
from a video of a behaving animal are rotationally and translationally aligned to be in
The image data is decomposed into a-thmensional embedding. A wavelet transform is
applied to the decomposed postural data to generate a spectrogram. These spectrc
used to construct spectral feature vectors that we embed into two dimensionsdistititgpite
stochastic neighboembedding @SNE). Lastly, a watershed transform is applied to ide
resolvable peaks associated with stereotyped behaviors in the distribution (Adapt
Berman et. al., 2014)

The MotionMapper algorithm takes the postural time series of the @nisnal mo v e me n t
inputs to build the behavioral space. However, in the context of social behavior, certain choices
that differ from those used in the original implementation for a single animal need to be made.

Are the postural time series of each animaldted separately, or is a single postural time series

that describes shared information between the animal used as the basis for mapping the social
behavior? Either choice would have its advantage, where a separate postural time series provides
aclearpibr e of each animal 6s posture that all ows
behavior at any given time within the behavioral space. Alternatively, in using the shared
postural time series, the redundanauysedsoaal knowi
behaviors should produce distinctive effects on the postures of the individuals to allow their
identification. A third choice for the time series would be to have both individual and shared
information about the poses of the animals. It walldm ovetparameterization, but it ensures

redundancy in the postural dynamics.



39

In either case, this postural time series that describes the body configuration of the animal
remains a higldimensional measurement, and so, similar to other approachearthater the
behavior of animals by performing a postural decomposfd@phens et al., 20Q8)

MotionMapper performs a dimensionality reduction technique, like Principal Component
Analysis (PCA), to reduce the postural data in attavensional time series.

To extract the stereotyped behaviors but ensure that their dynamics naturally emerge for
the reduced postural time series, MotioMapper performs a wavelet transformation on the data.
This wavelet transformation creates a msttale time and frequency resolution allowing for the
representation of the postural dynamics at different time scales.idea of transforming the
data from the time to frequency domain is critical to the concept of quantifying the stereotypy of
behavior. It is because several different approaches could have been taken to extract the
stereotyped behaviors (S@german, 2018jor extensive discussion on this topic).

An alternative approach to wavelet transformation is to fit a statistical model, like an
Autoregressive Hideh Markov Model (ARHMM) (as executed in the Motion Sequencing
(MoSeq) approach), to the postural datéltschko et al., 2015)This method extracts sub
second (208100 milliseonds) motifs from the time series data. Although MoSeq pulls
dynamical and behavioral representations from the time series, as Berman points out, the
approach is highly dependent on the time scale selected to define the behavior@B atates,

2018) It is a |imitation because the animal 6s
Therefore, one must choose and test several time scales to madeé#heid behaviors.

A substitute method is to find predefined modules of behaviors of varying time lengths

within the data. These modules serve as behavioral templates so that time series patterns that

match them are used to extract the behayBcbwarz et al., 2015; Gomé#arin et al., 2016)
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Although there is an advantage of obtaining the desired behaviorapgh®ach is limited by
having to know all desired behaviors that an animal is likely to perform. It removes the ability to
identify subtle and unknown behaviors in the

Transforming the postural time series data into the frequenpgigrming a wavelet
transformation removes the burden on the user to define the time series templates or their
durations to match the data accurately.

The process of transforming data into the frequency domain creategitmghsional
data. To ensure théhe local structure is preserved when performing a dimensional reduction on
the data, MotionMapper uses a Horear embedding algorithmistochastic nearest neighbor
embedding (tSNE(jVan Der Maaten and Hinton, 200&)sing tSNE means points close to each
other in the high dimensional space would be presetwy be together in the lower dimensional.
Unlike PCA, where the goal is to capture the variance and preserve the global distance structure
within the data, the tSNE algorithm is a manifold learning technique that seeks the preservation
of local distancever global ones.

With the data in a reduced dimensional form, MotionMapper chooses a watershed
algorithm to cluster the behavioral states. The watershed algorithm captures repeated motifs as
stereotyped behaviors by assigning data points to the sarner that reach the same local
maximum by ascending a local gradient. Conversely, to assign the cluster, a Gaussian Mixture
Model (GMM) can be fitted to the dat&odd et al., 2017)The GMM assumes the data is drawn
from a probability distribution formed by summing mixture components and agggris to

cluster if its mixture component has the maximum posterior probability.
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Figure2.6. A behavioral mapping of social behavior of paired fruit flies. A. A schematic
arena with thepaired fruit flies. Flies of the same sex or opposite sex were paired toget
videotaped for 30 minutes to record their behaviors. B. A map (left) showing the 2D pr
of the behavior of the flies. Black lines indicate coagsned regions badeon hand labelin
A bubble plot (middle) summarizing the relative densities and transitions between
behavior regions. The right plot shows the names of the classified-gpansed regions fro
the map. C. A comparison of the relative densitiethe female and male flies when pa
with either the same or opposite sex. D. Stacked behavioral density plots show the fi
of each coarse behavior given distance to the interaction pagtdeslkiling window of 1 mr
was used to calculate dernysiét.1 mm increments with centers ranging from.1 to 18
(Adapted from Klibaite and Shaevitz, 2020)

Although MotionMapper was initially developed to map the behavior of single animals,
there are recent publications to show that it can be extendedt@mbcontext to uncover
sequences of social behaviors shared among animals. For example, the MotionMapper has been
used to study how fruit flies alter their behaviors in different social pai(igsaite and
Shaevitz, 2020)Here, the authors showed that from the extraction of a repertoire of stereotyped

behaviors, paired fruit flies performed more posterior grooming and wing movements during
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social interactions than when they were in a-social context of being alone. Fales in a

samesex pairing or opposisex pairing with males were less likely to move around compared

to a samesex pairing of males (Figure 2.6C). This increased locomotory activity might be due to
the high likelihood of the males fighting each othereyralso observed that by comparing how
similar the behavioral maps of the flies are, courting males showed a more different behavioral
repertoire than other fly pairings, which was likely driven by courtspgrific song and wing
behaviors (Figure 2.6D)n addition, they observed that paired flies were likely to synchronize

their behaviors.

2.9 Measuring hierarchy and predictability in social behaviors

Animals might go through a sequence of actions to perform a behavior, with some
actions occurring befe or having precedence over others. The structure that exists within these
sequences is a possible indication of a temporal organization of the behaviors. For example, there
is a high probability that tongue grooming precedes front leg grooming indiliethe inverse is
not true, with almost zero probabilifiRichard and Dawkins, 1978n addition, the fly
groomng movement falls into two clusters, anterior and posterior grooming activities. Hence, a
fly is likely to perform interchangeably tongue and head grooming for anterior movement and
abdomen and wing grooming for posterior actions. If the flies were cowvededst, they
performed a predictable, sequential cleaning of the anterior parts, the head and antennae, the
abdomen, and their wings and tho(&eeds et al., 2@). What this temporal organization offers
is an idea of hierarchy and the predictability of behavior.

The hierarchical organization of behavior, although primarily explored in single animal

behavior, can be extended to study the social behaviorsmébs. During social interaction,
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paired male flies cycle through a loop of fast approach, slow approach, and wingGhesaet

al., 2002) When it performs a wing threat, a fast or slow approach likely follows this behavior.
However, in the fast approach phase, they are likely to also engage in boxing and tussling, which
is not seen Wwen they are in slow approach and wing threat behaviors.

Markovian and notMarkovian models can be adapted to measure hierarchical structure
in social behaviors. One can fit a Markov and its variant of hidden Markov models to the
transitions of behaviorakpertoire obtained from the behavioral states of spatiotemporal and
time-frequency analysi€Chen et al., 2002; Wiltschko et al., 201Hpwever, using a Markov
model, one inherently assumes that social behavior happens in a single discrete timescale and
that the carent behavior is defined only by the one preceding it. Alternatively, one can take a
longer time scale where a current behavioral state depends on a history of previous states.

With this assumption, a nearkovian approach, like the information bottlekecan be
applied to the transition matrix of the behavioral stéfeshby et al., 2000)The information
bottleneck method, an approach initially developed to assign the relevance of information
guantitatively, can be extended to extract hierarchy out of a seqoieinekaviordBerman et
al., 2016) In this framework, the goal is to maximize the information about a future behavioral
state while holding the information about the past states fB@unan et al. showed that by
using the information bottleneck method, they observed fly behavioral repertoire to be organized
in a hierarchical mannéBerman et al., 2016 he finegrained behaviors of the flies, such as
right and leftwing grooming and wing waggle, were predictive of stione structure and
coarser representation, like wing movement and locomotion, predict actions that with further

away in time.
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2.10 Why care aboumeasuring social behavior?

Il n as much as the common saying goes, fdAhum
inherent desire to understand our social nature, a wide variety of specie§.. fetegansfruit
flies, birds, fish, and rodents to nbmman primates, engage in some form of social behavior
(Tinbergen, 1952; Anderson, 1998; De Bono et al., 2002; Bialek, &014; Durisko et al.,
2014) These evolutionary preserved social behaviors might serve different purposes, from
feeding, courtship, fighting, and migration to animal decismaking.

As Chiel and Beer put it, the brain has a body, and its matpubis reflected in the
behavior(Chiel and Beer, 1997Hence, measuring social behavior can provide insights into
how the bran processes input signals from the environment, including social cues, and couples
that with its internal state to dictate its actions. By carefully quantifying the movements of
animals in space, time, and frequency domains, we can understand whahsthtas is in and
what information it considers relevant prior to executing an action. Since neuroscience has
greatly advanced in being able to record multiple neural activities across different brain regions
in multiple animalgKawasaki et al., 2013; Dikker et al., 2017; Zhang and Yartsev, 2019;
Anpilov et al., 2020)it is desirable that the precise quantification of social behavior can match
the field. With it, we can gain insights into the neural activity timaterlies social experiences.
One can leverage the information quantified from social behaviors to detect social deficits such
as autism. For example, using the distance between a tracked point on the head and center of
animals and their behavior classif Hong et al. showed that an autidtke mouse model,
Black and Tan Brachyury (BTBR), spent significantly less time socially investigating a

conspecific compared to wiype animals.
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In addition, measuring social behavior would help uncover howtigersiations might
mediate social interactions. In studying the social investigation behavior of mice, Hong et al.
showed that two strains of mice behaved differently towards conspecifics. The standard strain
wild type, C57BL/6N, male mice closely inviggite other males for longer durations. However,
strains considered aggressive, NZB/B1NJ, exhibited more attack and less close investigation

behaviors towards intruder males.

2.11 Concluding Remarks

In this chapter, we have discussed social behaviottendhallenge most scientists face
in measuring it. We then provided a framework on how to quantify social behavior. This
framework entailed building a momelmy-moment classification of behavior and projecting the
behavioral repertoire of the animals is@pace based on their stereotypy. We talked about the
choices a scientist has to make when selecting this framework and the biases inherited from
them. For example, in building momeng-moment classification through a supervised
approach, the scientist inherently biased toward the selections of the labeling generated by the
human annotators. With creating a social behavioral map, although the representations are
generated from the data, the choices in the algorithms used dictate the outcomesoin tuit
behavioral map representation primarily relies on stereotyped behaviors and less on non
stereotyped behaviors. Therefore, the less occurringstevaotyped behaviors, which are likely
to precede and dictate the stereotyped behavior, are ovet|akethence, a complete
representation of the social behavior of the animals is not obtained. Despite these limitations, we
anticipate that as better theoretical frameworks are developed, and advancements are made in

tools to study behavior, we will buila clearer picture of the dynamics of social behavior.
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Chapter SDEVELOPING A PIPELINE FOR ROBUSTLY AND
PRECISELY TRACKING MULTIPLE ANIMALS IN A SOCIAL

CONTEXT

3.1 Introduction

In this chapter, | will present a pipeline that we developed to tragkosteres of
multiple animals robustly. First, | will give a history of tracking animal behavior and the
advancements made. Then, | will discuss the limitations of the tracking tools currently applied to
label the positions and poses of animals in a soomatext. Subsequently, | will present our
approach to building a pipeline that addresses the limitations of the current tools. Finally, | will
propose suggestions for altering the pipeline to improve its robustness in more complicated

scenarios in a sociabntext.

3.2 Background

As discussed in the previous chapter, tracking the postures of animals is essential to the
process of measuring animal social behavior. After videotaping the social interactions of the
animals, the next step in the framework tmaqtify their social behaviors is to track them. The
tracked information provides insights into the spatiotemporal position, orientation, and poses of
the animals that serve as inputs to either creating a medmgenbment classification of the
social behawr or building a behavioral space representing the stereotyped behaviors of the
animals.

Before the development of computartomated tracking tools, tracking animal behavior

mainly required humans t o | ab(Bdynetrnd 8culard,i mal 6 s
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1978; Buelthoff et al., 1980; Moran et al., 198Ihis human annotation approach meant a poor
spati otempor al resolution of the animal 6s pos
highly time-consuming, imprecise, subjective, and lalmensive. However, as computers
became cheaper and manailable, and with the development of theoretical and mathematical
approaches to track behavior, there was a gradual shift to more automated tracking methods,
which meant better spatiotempBaml Shalsomuet oal
Noldus et al., 2001; Spink et al., 2001)

Much of theearly automation was driven by computer vision and maedkeraing
approaches, with the primary goal of tracking the center of mass of an animal and its head
orientation over timéBranson et al., 2009; Dankert et al., 20@)bsequently, owing to the
advancement in deep learning knowledge in the last decade, there has been an explosion of
methods that have led to identifying multiple body poim¢sides the centroid of the animal
(Mathis et al., 2018; Graving et al., 2019; Pereira et al., 2019; Lauer et al., RO2A1)
researchers can simultaneously track multiple animals' noses, wings, limbanthibéher body
points, from insects, rodents, and fmman and human primates. Hence, providing adequate
data points to quantify animal social behaviors.

As it will be further discussed later in this chapter, despite these advancements, there are
still lingering issues where trackbddy points switch with one another on the same animal or
are swapped with those of a different animal. The limitation is more prominent when the animals
are close to each other. To such an extent that when we use the tr@okedopouild a
behavioral space of the social behavior of prairie voles (based on the framework discussed in the
previous chapter), we find that some of the clustered behavioral regions are made from spurious

tracking (Figure 3.1).
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Given the poor tradghg issues that lead to spurious behavioral maps, we decided to
develop a pipeline that combines an Autoencoder, a deep learning network, with the existing
tracking methods to fix the swapping issues robustly. This pipeline was primarily tested with
rodens, specifically prairie voles; nonetheless, we think it can be extended to other animal
models, like flies and primates.

In the rest of this chapter, | will highlight the earlier tracking work with computer vision,
machine learning, and deep learning. &duently, | will discuss in detail the pipeline we

developed, explaining its features, successes, and limitations in the sections.

Figure3.1. A behavioral space for prairie voles created with a ranliinal tracking tool. Mal
and Female prairie voles were paired for 24 hours. We recorded their behavior during
2 hours of cohabitation. Then, we applied a maiimal DeepLabCut to track their postu
Given the poses, we built a behavioral magdd on the approach outlined in the pre\
chapter. The map shows regions with peaks that are meant to indicate stereotyped t
However, some of these peaks are generated by bad tracking errors (Red box). Refer t
for samples of videos from these region
https://github.com/senakoko/Thesis_Videos/tree/main/Chapter_3 Videos/Figure_3.1



https://github.com/senakoko/Thesis_Videos/tree/main/Chapter_3_Videos/Figure_3.1_Videos
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3.3 Behavor tracking using computer vision and machine learning

The initial approach to automated animal behavior tracking involved using computer
vision and machine learning tools to identify a single point (center of mass) of an individual
animal(Noldus et al., 2001; Spink et al., 200%Jith the tracked center of mass, researchers
could monitor the animal ds trajectory and qua
a location. This meant scientists could achieve high throughput in investigating exploratory
behaviors and their related neurological underpinnings like anxiety, stress, social novelty, and
sociality (Spink et al., 2001; Post et al., 2011)

However, to ahieve this goal of tracking an animal's centroid position, these methods
relied on having a single animal in behavioral setups that were optimized to allow object
background segmentation and have fewer objects (e.g., food pellets, beddings) in thegrecordi
apparatus. Therefore, further advancements were needed to overcome these limitations to allow
for quantifying single animal behavior in more naturalistic sett{iBganson et al., 2009The
new methods that were developed were expanded to apply to more social paradigms involving
two or more animal@Dankert et al., 2009; Pér&scudero et al., 2014 ence, scientists could
now leverage the ability to track multiple animals to study their collective beh&aior
example, taking advantage of the ability to track multiple animals, fs@raero and
colleagues observed that adult zebrafish, having explored their environment for a period
(approximately 3 hours), spontaneously switched from shoaling to tetrib@tavior. In
addition, when they studied the social behavior of multiple medaka fish, they saw a hierarchical
structure of leadershifollowership behavior within the group, which was preserved over

multiple days and was very stable.
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Figure3.2. Computer vision and machine learning tools to track animal behavior. A. Tr
of multiple fruit flies. Foreground pixels are grouped to detect individual flies. The
component corresponds to one flye thrge black part corresponds to three. The tracker
this large component inta' 4 clusters. The penalty based on cluster size is shown fo
choice. B. Pose estimation of two mice with distinct coat colors using information fro
the top viev camera and depth sensor. An ellipse that best fits an animal detecte
segmented 3D video frames is used to describe the animal's position, orientation, sl
scale.C. Tracking of multiple adult zebrafish. The method consisted of identifygaggdrint:
or signatures of the animals that served as reference images. The fingerprints were m
on the intensity and contrast maps extracted from the video frames. By aggregating
reference images, they could accurately track each in@divigi|dapted from Branson et
2009, Hong et al., 2015, and Péiezcudero et al., 2014)

Subsequently, these computer vision methods were extended to label other body points,
such as an animal's nose, riddy, and tail, to expand from only tracking the animal's center of
mass. For example, labeling the additional body points in rodents wefdi for researchers
to build machine learning classifiers that could be used to extract affiliative and investigation
like behaviors, which include orakal, oralgenital, and sidéy-side contactéde Chaumont et
al., 2012) The initial iterations of the methods were developed for 2D videos, which meant they

were limited to handling the vertical movemeotdhe animals, like rearing, mounting during
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sex, and resolving occlusions between the animals. However, as technology advanced to
introduce 3D cameras with deggknsing capabilities, the methods were adapted to utilize 3D
information to capture the anal's behavio(Hong et al., 2015)

Despite the advancentemesearchers had to adopt artificial means to make the methods
work, especially in the social context. For example, they had to color the fur of the animals or
use animals that had distinct coat colors because when the animals spent long durations near
each other, I|ike during huddling, and crossed
points were swapped. Hence, more sophisticated tools using deep learning methods had to be

leveraged to tackle the tracking issue.

3.4  Behavior tracking with dgelearning approaches

The technological advancement in computing systems, marked by the development of
graphical processing units (GPUs) and high multithreading and multiprocessing central
processing units (CPUs), segued into the application of deeprigangithods. As defined by
Francois Cholle(Francois Chollet, 2017)De®p learning is a specific subfield of chine
learning: a new take on learning representations from data that puts an emphasis on learning
successive layers of increasingly meaningful representabdon©eep | earning i s bu
of the neural network structure of the brain. To illustrate a simplistic relationship between
machine learning and deep learningake a functiond "Q @, where in machine learning, the
goal would be to learn theles that map inpubto the outputa In deep learning, the

relationship would be considered ae a neur al

B B B ¢ (Goodfellowlan, Bengio Yoshua, 2016)



52

The use of deep learning approachetacking animal behavior was preceded by
advances in the field of annotating the behaviors of huifferdriluka et al., 2014; Insafutdinov
et al., 2016)For example, Insafutdinov and colleagues showed that deep lebasad
techniques could be used to estimate the poses of humans in complicatedrtéalettings,

such as people dancing and walking, while still maintaining the identities of the individuals.

Figure 3.3. An example liustrating an application of dedgarning tools for human pc
estimation of multiple people in realorld images. (Adapted from Insafutdinov et al., 201

Following this advancement, some groups studying animal behavilgimg the
Mathis and Murthy labs, leveraged ddeprning tools to track animals. Mathis et al. published
DeepLabCut (DLC)Mathis et al., 2018)and Pereira et al. releaseEAP Estimate Animal

Poses (LEAP}Pereira et al., 2019)DLC and LEAP, the two most popular tools in the field,
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have similar backbones for using a convolutional neural network (CNN) in their architecture, but

their implementations for how to track the animal pose slightled{tb be discussed shortly).

A Train DNN -

—

ResNet-50
(pretrained
on ImageNet)

Deconvolutional
layers

Figure3.4. An example illustrating an applicatiaf DeepLabCut to track the pose of a m¢
and a fly. A. A typical architecture of a deep neural network (DNN) is used in predict
body-part locations based on the corresponding image. B. Example of body part predi
a mouse showingthe netwk 6 s predi ction (yell ow crc
(red cross). C. Example frames and body part predictions for a fly in different poses. (.

from Mathis et. al., 2018)

Given that our research primarily focuses on studying prairie voles, we will continue our
discussion regarding the use of these tools in studying rodent behavior. However, it should be
noted that these tools, among sevetiaéms(Graving et al., 2019; Gunel et al., 2019; Shukla and

Arac, 2020; Liu et al., 2021are specieagnostic and can be used to track behavior in other
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animals, like fruit flies, fish, and primates, which was not the case in the computer vision
methods that were tailored to specific animal groups.

By deploying these tools in tracking raddehavior, one went from only being able to
track a centroid and the head of an animal to tracking the tail, ears, and limbs (Figure 3.4).
Therefore, instead of having only the centroid and head, which would likely tell the position and
orientation of tle animal, we could recreate a behavior such as grooming and rearing from the
ani mal 6s pose.

The deedearning framework was not only beneficial for creating postures, but it also
expanded the capabilities of methods like idTra¢RérezEscudero et al., 2014Which used a
computer vision approach to identify multiple animals-820. In the original method, the
identification was achieved by finding a fingerprint of an animal which was based on an image
intensity of a reference frame of the individual. Thggiature was used then to maintain the
animal 6s identity in the video data.- However,
Ferrero et al. published idTracker.@&@omeraFerrero et b, 2019) which could track up to 100
animals while maintaining their identities. In this new implementation, they had a CNN that
would learn the uniqueness of the individuals and a second CNN that could handle complex
scenarios like when they crosseca ch ot her 6s pat h.

Notwithstanding, idTracker.Al was only designed to track centroids, and DLC and LEAP
could only label the poses of a single animal but not multiple ones. Lauer et al. developed a
multi-animal tracking tool called multiple animal DeepCalt, maDLC (Lauer et al., 2022)
built on earlier work, DLC, and similarly, Pereira et al. also published Social LEAP

(SLEAP)Pereira et al., 2022an advancement on LEAP to track multiple animals.



55

Obtain predictions
on frames

Record behavior Label body parts Train Neural Network

Figre3.5. A standard workflow pipeline for usirdpeplearningbased markerless tracking
methods. First, take a raw video of the animals and then label desired points on body
deep neural network is trained on the labels from human annotators. The network infe
ani mal 6s body points on video dat a

As in previous versions, maDLC and SLEAP had different implementations of CNNs and
methods to annotate body points on multiple animals and maintain their identities. maDLC
implemented a bottorap approach, and SLEAP used both a bottgmand a togown process.

In the bottomup approach, they first estimate the labeled body points on all the animals
and then group the points belonging to each individual based on their connectivity. The
implementation is performed with only one network. In contthstfopdown approach requires
two networks. The first network locates the anchor point, and the second connects the other body
points to the reference. Based on the number of animals one needs to track, it is usually more
efficient to use the bottomp gproach to track the dataset with many animals and thédom
with data with fewer animals.

Despite the successes of maDLC and SLEAP in estimating the poses of multiple animals,
when we apply them to prairie voles, we notice that they cannot maimsamimaléidentities
throughout the entire recording (see an example video BedeTracking. When the animals
aresome distance from each other, both methods perform well in maintaining the énimals

identities. However, the likelihood of swapped identities becomes significantly higher when the

animals get closer to each other in mating or huddling. The methodsdwaiiteéh the key points


https://github.com/senakoko/Thesis_Videos/tree/main/Chapter_3_Videos/Bad_Tracking
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back to the initial tracking animals. This limitation would be a problem if one needed to build a

behavioral representation of the animal, which relied on their identities.

3.5 Pipeline to fix pose estimation

Given the tracking limitations during social contexts when the animals are close to each
other for long periods, | developed a pipeline that consbandifferent deep learning method, an
Autoencoder, with the output of the tools, like maDLC and SLEAP to obtain detailed and high
accuracy postural trajectories of multiple animals. | will explain our approach and the choice

made in the rest of the chapte

Input Layer Encoder Decoder Output Layer

Figure3.6. A typical architecture of an autoencoder. The autoencoder comprises two
partsi the encoder and the decoder. The encoder produces a latent representation fi
input data, fed into the input layer. The desmottansforms the latent representation into
output, which is identical but not the same as the if{putapted fromGéron, 2019)
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3.5.1 Autoencoders

Autoencoders are dedgarning neural networks designed to learn the underlying non
linear function of a data input by encoding the information into a latent (dimensional reduced)
representatiofGéron, 2019)The term deep describes the number of neural layers created for
the encoder and decoder; usually, more than two layers can be considered a deep network.

What is typical for autoencoders is that they have an encoder and decoder part of the
network, wherehey (encoder and decoder) are identical but inverse (Figure 3.6). They are
identical in the number of neurons in the network and the connections between the neuron nodes.
Conversely, they are inverse in that the encoder is designed to take a dataaripgho
dimension and reduce it into a latent representation, which is usually a lower dimension. The
decoder, in its part, is meant to take the latent representation generated by the encoder and
recreate an outer representation approximately like the dgia. It is critical that the outer
representation is not the same as the input data because that would mean the autoencoder only
copied the input data to the output. The goal of the autoencoder, like every other deep learning
approach, is to learn frothe data. Essentially, the autoencoder must learn the functions that
govern the input data. The advantage of learning from the data, but not merely copying from the
data, is that the autoencoder can act as a filter for noise that might be embeddedtia ther
example, ifwe hadafunctich Q@ ¢ w, where 6f*(x)06 is the act
the added noise. The autoencoder would filter out the noise, n(x), and retain the true function

In addition to acting as a noise filt¢he autoencoder can be considered a nonlinear
dimensionality reduction technique used to reduce data dimensions. For example, in creating the

latent representation from the data, which can be regarded as having a high dimension, the
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autoencoder compressthe data (the encoding process) to a low dimension. If the activation
function (to be discussed later) is linear, the autoencoder essentially becomes a principal
component analysis (PCAEBéron, 2019)We would later see the benefit of the autoencoder
being a dimensional reduction technique in Chapter 4 foticgea behavioral repertoire of

social behavior.
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Figure3.7. Comparison between pose estimation generated by tracking tools (e.g., SLE
Autoencoder. A) SLEAP tracked points show unlabeled body points on the anjrApplBing
the autoencoder labels the missed body points from A. C) SLEAP tracking wrongly
body point for one vole on the other. D) Autoencoder fixes swapped body points

3.5.2 Autoencoder Architecture
In designing the architeate for the autoencoder, we had to make several choices, from
the type of autoencoder to the formatting of the input data to the number of neurons in the

network to the selection of the activation function and the optimizers. We needed to build a tool
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to improve the tracked points generated by either maDLC or SLEAP and so go from figures

3.7A and 3.7C to figures 3.7C and 3.7D (see example viédeaokTrackingandGood Tracking.

In general, we had to decide on the following:
) Type of Autoencoder
(i) The structure of the data input
(i)  The number of layers
(iv)  The number of neurons in each layer
(V) The activation functions
(vi)  Add batch normalization or dropout or both
(vii)  The loss function(s)

(viii)  The optimizers

A

-<——Reconstructions

784 units [ Output layer ]
|

<—Cod|ngs ;
30 units :
:[ Codings p ] [ Codings o ]
100 unlts Hidden 1
I

784 units | ]
[ Input ]

Figure3.8. A block diagram figure of autoencoders. A. A schematic of a stacked autoe
B. An illustration of a variational autoencoder. (Adapted from Géron, 2019)

Hidden 2

| will take each listed point above and explain dleeisions we made behind them and
why we made theni.have written a python package with the complete code to implement the

autoencoder on tracked daltps://github.com/senakoko/AutoPoseMapper



https://github.com/senakoko/Thesis_Videos/tree/main/Chapter_3_Videos/Bad_Tracking
https://github.com/senakoko/Thesis_Videos/tree/main/Chapter_3_Videos/Good_Tracking
https://github.com/senakoko/AutoPoseMapper
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b €

Figure3.9. Examples of fake tracked points generated using variational autoencoder:
points were not from an actual vole.

3.5.3 Type of Autoencoders

There are two major types of autoencodetise stacked autoencoder and the variational
autoencoder. The stacked autoencoder is considered the vanilla (simple) kind of autoencoder,
where all the neurons (this term will be fully explained later in secti®Bwithin the
autoencoder are connected. Its architecture is typically symmetrical around the latent layer
(coding layer) (Figure 3.8A). In contrast, the variational autoencoder has a latent representation
produced from the mean and standard deviatating layer (Figure 3.8B). Therefore, instead of
a single layer representing the encoded information, as seen in the stacked autoencoder, the
encoder for the variational autoencoder generates values for two layers, theanesstandard
deviations layers. The values from the mean and standard deviation layers are then randomly
sampled to create coding outputs, which serve as input to the decoder part. One can imagine the
coding as a Gaussian distribution, where samples are taken from it to train therdSatce the
variational autoencoder has a mean and standard deviation layer, it is considered probabilistic
and generative. It is defined to be probabilistic because, from the mean and standard, one can
sample random values that would lead to indetestignoutputs. It is generative because a new
instance of the data that never existed can be created. For example, figure 3.9 show the tracking

of voles that were not taken from a real vole. They are fake.
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3.5.4 The structure of the data input

In our aubencoder, the data input is the tracked points generated by animal tracking
tools, like maDLC and SLEAP. We advise that the tracked points areesg@red prior to using
them as input. Egoentering the data aligns all the tracked points to a referemtespahat it
can be imagined that the animal is always facing the same direction at every time, irrespective of
its realworld coordinates. Although figure 3.9 is a set of fake tracked points, it can be observed
that the animals are facing the same dioec Egocentering can also be viewed as a way to

standardize the data input since all the tracked points are centered on a reference point.

3.5.4 The number of layers

A layer of autoencoder, like any other deep neural network, consists of multifgle uni
referred to as neurons (to be discussed shortly) that transform the data. For example, a layer is
analogous to a brain region, like the nucleus accumbens, because it comprises neurons that
receive projections of other neurons and send their axonas fibether neurons in different
brain regions. Determining the number of layers for the autoencoder is arbitrary, but generally,
the more layers (the deep) autoencoder, the better it perfbrars;ois Chollet, 2017)
However, despite being arbitrary, testing the autoencoder on data and checking its validation loss
is the practical way to know how many layers teehal he validation loss refers to the error
between the prediction of the network and the actual data point. The network with the lowest

validation loss is generally the best.
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3.5.6 The number of neurons in each layer

The neurons are the units within the layers of the autoencoder. They are essentially
functions that transform their inputSimilar to the number of layers, determining the number of
neurons is arbitrary, and more is better. In our design of the autoencoder, we chose a dense
structure, meaning every neuron in a layer is fully connected to the neurons in the next layer but
notto the other neurons within the same layer (Figure 3.6). In addition, we selected the number
of neurons as powers of 2. It is because the power of 2s is computationally efficient and makes

the neural networks train faster on the graphical processing(Gfttds)(Francois Chollet,

2017)
Input layer E— Encoder E— Decoder _ Output Layer
8 units
32 units 32 units
22 units 64 units 64 units 22 units
(Body parts - x and y (Body parts - x and y
coordinates) 128 units 128 units coordinates)
256 units 256 units

Figure3.10. A schematic of the architecture of the primary autoencoder we used in the

From testing a different number of neurons and layers, | found that thecetagie
presented in figure 3.10 performed the best. The performance was characterized based on
obtaining the lowest value for the loss function during training and validation. The loss function
was the mean squared error (to be discussed later in th@an¥ekalso evaluated the accuracy of
the network based on its validation accuracy, where the network was tested on data it was not

trained on.
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3.5.7 The activation functions

The activation function is typically a nonlinear function that is appliededitdden units
of an artificial neural network to determine its outpi@sodfellow lan, Bengio Yoshua, 2016)
If one had a neuron unit with the functith Qo wg 6, 6g6 will be the ac
function, e.g., a rectified linear unit (ReLU) that dedicatestliput for a given range. There are
several activation functions, such as sigmoid, tanh, rectified linear unit (ReLU), and exponential
linear unit (ELU), that can be applied in deep learning networks given a task. In designing our
network, we chose a scdlexponential linear unit (SELU) as the activation function. We
selected this function because it has an internal normalization that can adjust the mean and
variance from the previous layers. Its ability to scale the mean in the positive and negative
diredion is not available in ReLU, a commonly used activation function. The SELU function
allows the network to converge faster and helps prevent vanishing gradients (when the gradients
go to zero). Each layer of a neural network can have its unique actifiatiction, but, given the
properties of SELU to converge faster and prevent vanishing gradients, we chose it for every
layer except for the last one, the output layer. The output layer is meant to have a different
function that allows its results to mhtthe input.

. ' QEw T
"Q hw =|Q‘p,‘,.
w Qed T
The alphaa (1.67) and lambdh (1.05) hyperparameters are predefined (not learned from the

training) for the activation functiofKlambauer et al., 2017)

3.5.8 Regularizing the network
In general, it is always a good practice during the application of a learning algorithm to

regularize it in the form of using a penalfrancois Chollet, 2017; Géron, 201Regularizing
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prevents the algorithm from over or undearning the representation that makes up the data.

One way to do so is through batch nolizaion.

3.5.8.1 Batch Normalization

Batch normalization is a form of regularizing artificial neural networks to prevent
neurons' saturating and gradients from vanishing in the deep (Mah& et al., 2019)With
saturating neurons and vanishing gradients, the weights of the neurons remain constant or go to
zero, which is not ideal because one would want the weights to be adjusted as the network learns
from the data. Therefor¢he goal of batch normalization is to achieve a stable distribution of
activation values throughout the training of the netwitoke and Szegedy, 2015Although it is
not fully understood in the field, batch normalization is thought to regularize the network by
introducing some randomness into the training sample. In addition to acting as a regularizer,
batch normalization increases the learning rate@networks and accelerates the learning rate

decay(loffe and Szegedy, 201Fence, we implemented it after every network layer.

3.5.8.2 Dropout

Dropout is another way to regularize a network by preventing it from overfitting on the
data(Srivastava et al., 2014)n dropout, a set of units are randomly selected in each layer and
are left out during a training epoch (Figure 3.11). Leawagunits is temporary and
probabilistic because the dropped units might be added back to the network in the next run, and
the process is random. In addition, applying dropouts is an alternative way of training several
different networks on the data. ffers the least expensive way to do so because it is

computationally costly to train several networks and find the correct hyperparameters. Adding
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dropouts inherently creates a different network. It also introduces randomness into the network,

which helps to prevent overfitting.

(A) Standard Neural Net (B) After applying dropout

® &

Figure3.11. Dropout Neural Net Model. Left: A standard neural net with two hidden I:
Right: An example of a thinned net produced by applying dropout to the network on
Crossed units have beerodped.

The fraction of units that are dropped can range from 0 to 1. However, it is ideal that the
fraction of leftout units is 0.2 to 0.BSrivastava et al., 20140 our experiments, values between
0.2and 0.5 produced similar results, so we used 0.2. Another essential advantage of having
dropouts is that it allows a network to perform well on sparse data. Hence, if there are missing
values in the data, which is likely due to untracked body points by.@ad SLEAP, the
network learns the underlying nature of the data and, therefore, can generate better predictions of
those values. Thus, in our network, we applied dropout to every layer to increase the

randomness.
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3.5.9 Loss function
The |l oss function is used to evaluate a mo
of its prediction from the actual data respo(idehta et al., 2019)t is sometimes referred to as
the error, cost, and objective functions. In general, the closer the output of the loss function is to
zero for continuous numerical data and the probability is near @oorchtegorical data, the
better the model is. For continuous data, the mean square and absolute errors are commonly used
loss functions, and crosstropy is a regularly used cost function for categorical data. Since our
goal is to predict coordinates uak for tracked points, we used mean square error for our model.
It was possible to have used a regularized cost function with a Lasso regression penalty (L1
norm) or Ridge regression penalty (L2 norm). However, since we had already implemented

batch normézation and dropout, we did not add those.

3.5.100ptimizers

Musstafa defines an optimizer as a learning algorithm used to minimize the loss function
or maximize the accuracy of a mod@klusstafa, 2021)it can be seen as a mathematical
approach to adjusting the weight and biases of function with respect to the loss function. An
example of an optimizer is gradient descent. Gradient descestasdard optimization
algorithm that iteratively changes the weight and biases of a model to attain the local minimum
of a convex function. However, straightforward gradient descent is not applicable in most
models due to certain factors, like having a ptar convex and nonconvex function and a large
dataset. Variations of the gradient descent, such as stochastic gradient descent with/ without

momentum, and mirbatch gradient descent, introduce parameters like learning rate to help deal
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with the large datsets issues and allow the functions to converge at their global minimum at a
faster speed. The global minimum is the point at which the model has the lowest error. In our
model, we chose adaptive moment estimation (Adam) as the optimizer. Adam isienteffi
stochastic optimization that computes individual adaptive learning rates for different parameters
from estimates of the first and second moments of the gradiintgma and Ba, 2015Adam
combines components of two optimizers, Adatband RMSProp, to make it computationally

efficient.

Where 6wé and O6bdé are the weights and biases

3.6  Results and Discussion
Our pipeline for robustlyracking the postures of multiple animals is as follows:
0) Given raw videos of prairie vole interaction, take random samples of images from
them
(i) Label the body parts of the animal that one is interested in.
(@iif)  Train maDLC or SLEAP on the labeled data
(iv)  Use thetrained network to make predictions on the raw videos
(V) Apply autoencoder on the tracked data generated by either maDLC or SLEAP

(vi)  Manually correct swapped identities or wrongly tracked body points
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Figure3.12. Performance of networks on different numbers of training datasets. The n«
were tested on 500 frames that they were not trained on. Overall, both SLEAP a

performed better when trained with more labeled data. Blachk point represents the aver
Euclidean distance (RMSE) for a body part of an individual

Following this pipeline, firstly, we had to decide on the number of annotated frames to
train a maDLC or SLEAP network. Generally, the more labeled frames, the better the network's
performance. Hence, to illustrate this point, we trained multiple networkisfferent numbers
of labeled data and then tested the networks on data they had never seen before. We annotated
250, 1000, and 2000 frames with two prairie voles. Then, we trained both SLEAP and maDLC
networks on the labeled data. Subsequently, we thgedetworks to predict a video of two voles
from a different dataset, which they were not trained on. In this video, we generated 500 frames

and manually annotated the body parts of the animals.
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To test the accuracy of the networks, we measured thedEanolidistance (root mean
square, RMSE) between the netwgénerated labels and those of the human scorer for the 500
frames. This metric is averaged over the set of images for each body part and each animal. In this
accuracy test, the network hadtocortel v predi ct the body partséo
the right individual. Therefore, a high RMSE value means the network either predicted
inaccurate body part location, labeled the wrong animal, or both. We observed that training the
networks on 200@rames generated significantly more accurate results than on 250 frames (had a
lower RMSE value). An equivalent test of the networks on 2000 frames produced very similar
results to Figure 3.12 (data not shown).

The next decision to be made regardingpipeline is which animal tracker method
should be used. We observed that with a low number of labeled (250) frames, both maDLC and
SLEAP are comparably bad (SLEAP with a slight advantage). With 1000 annotated data,
SLEAP significantly outperforms maDLC. Mever, with 2000 frames, both tracking tools
produced similarly improved performances, with maDLC being a little better. At 8000 frames,
the results remain comparable (data not shown). Therefore, when training with 2000 or more
labeled frames, one can s&#ISLEAP or maDLC and expect commensurable tracking results.
However, as one starts to annotate more than 20,000 frames (like in our case, where we labeled
60,000 frames for the thesis work), there are rather practical considerations that need to be made.
We have found that maDLC had an efficient implementation that allowed it to load and use all
the labeled data to train its network. SLEAP, on the other hand, stopped working when we tried

to use such a large dataset.
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Figure3.13. Comparison between the stacked and the variational autoencoder. The tc
shows the stacked autoencoder's lower mean squared error for the validation loss col
the variational autoencoder. The bottom figure indicatesdifference in the validatic
accuracy between the two models.

As we introduced at the beginning of the chapter, the tracked results generated by either
SLEAP or maDLC are unreliable enough to create a behavioral space. Hence, one is likely to
have a mapvith spurious tracking points. Therefore, we developed the autoencoder to fix the
tracking issues.

Several choices were made in building the autoencoder, especially the autoencoder type.
We found that the stacked autoencoder trained better on the a@athéhvariational autoencoder

(Figure 3.13). Although the variational autoencoder is generative and can create fake animal
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postures (that look real) (Figure 3.9), which might be a good indication that the network has
learned the representation, we obsériat the stacked autoencoder had a lower validation loss
(mean squared error) compared to it. The variational autoencoder is likely to have exploding
gradients (unusually high values for the weights and biases of the neurons in the network),

leading to gnerating unlikely values.
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Figure3.14. Comparing the behavioral map generated by the tracking tool and the autoe
A behavioral space created with only a tracking tool (e.g., maDLC) (A) and a cdimbiat
an autoencoder and tracking tool (B). C. Using GMM to if the tracked points in the bel
regions had the correct vole shape in both A and B. The tracking improves by appl
Autoencoder to the tracked outputs from SLEAP. (***p < 0.00uid8nt ttest)



72

Decisions about the hyperparameters, such as the number of neurons in a layer, the
number of layers, optimizers, and the activation and objective functions, are essential in
designing the autoencoder 0srtaseaidnB.5 a the choice. We
we made. The aim of building the autoencoder is to apply it to the trained points from either
maDLC or SLEAP. However, before using it, the autoencoder must be trained similarly to the
tracking tools. Therefore, we trainecttitacked autoencoder to the data labeled for the tracking
tools. This data is considered ground truth because it iscusated from random frames in
multiple videos where the animals assumed varying poses. This essential training process on
randomly laleled frames from different videos teaches the autoencoder the postures that the
animal is likely to adopt.

When we applied the trained autoencoder to the tracked data from the tracking tools, we
observed a significant improvement in the accurate estimatibady points (see figure 3.7 and

example videosBad TrackingandGood Tracking. For example, when tracking tools could not

label body points on the voles (figure 3.7A), the autoencoderatigremnotated those points
(figure 3.7B). In addition, when the tracking tools produced other tracking errors, such as
incorrectly labeling a body point of one vole on the other (For example, tracking the left ear of
vole one as that of vole two) (figuBe7C), the autoencoder correctly assigned them to the
individuals that belonged (figure 3.8D). We, therefore, see using the autoencoder as imposing an
animatlike prior (in our case, a volike prior) on the pose estimations.

Given our primary goal to meare the social behavior of animals by creating a
behavioral representation of their movement, we created maps using the tracked points with and
without the autoencoder applied to them. We observed that when we quantified the regions in the

behavioral maphat had tracks with the correct vole shape, the map generated from the


https://github.com/senakoko/Thesis_Videos/tree/main/Chapter_3_Videos/Bad_Tracking
https://github.com/senakoko/Thesis_Videos/tree/main/Chapter_3_Videos/Good_Tracking
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combination of the tracking tools and autoencoder had a significantly higher percentage of the
vole-like body (figure 3.14B) than the other map created with only the tracking meflgaas (
3.14A). We measured the accuracy of having a-likéeshape using a Gaussianxture model
(GMM). The GMM was initially trained to the ground truth data used to train the tracking tools

and the autoencoder.

3.11 Conclusion

In this chapter, we have shown that despite the advancement in the methods to estimate
the poses of multiple animals, the tools cannot robustly track the animals when they are close to
each other. In addition, they are likely to swap the identities airnthetated animals. Therefore,
we developed a pipeline that combines an autoencoder withaniuttial tracking tools to
resolve the labeling issues. We saw a significant improvement in the tracking, which led to
building a reliable behavioral map of the sbinteractions of the animals.

Despite the autoencoder's performance, it relies on the output of the maDLC or SLEAP
as its input. This can be a significant problem when the predictions of maDLC or SLEAP are
consistently wrong, i.e., the coordinates ofiy points are far from their desired position for a
sequence of video frames. Such an instance can be seen as providing a weak or negative prior to
the autoencoder model. Since our autoencoder has no image of the animal to rely on, its

predictions would & wrong.
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An alternative way is to build a convolutional neural network (CNN) to take the image
data as input. The CNN would predict the centers of masses in the image. These centers of
masses will then be used as additional input for the autoencoder. So,dorrdre frame, the
autoencoder will compare how the predicted points are close to those values. If the centers of
masses are close (in terms of Euclidean distance) to the prior predicted points for the previous
frames, it would indicate that the trackingngrated by maDLC or SLEAP is unreliable. The
autoencoder would generate an aniita shape guided by the earlier prediction and adjusted

based on the centers of masses.

A
Train neural Use trained
network (e.g. —  network to
/ maDLC or SLEAP) make predictions \
Fix tracking by
Record animal Label | Train and apply using idTracker
behavior body parts “| Autoencoder centroid positions
as ground truth
idTrackerAl/
TRex
B
Train neural Use trained
network (e.g. ——  network to
/ maDLC or SLEAP) make predictions \
Record apimal Label »/  Trainand apply Manually correct
behavior body parts Autoencoder tracking

Figure3.15. Pipeline for robustly tracking mwtinimal poses. A schematic of the pipeline:
fixing tracking errors using Autoencoder combined with idTracker/TRex (A) or mr
correction (B)

One lingering issue that is a significant drawback for all the methods, inclinding
autoencoder, is the swapping of animal identities. Similar to switching individual body points,
swapping of tracked identities is likely to happen when animals huddle, are involved in a

prolonged fight, and f r equ esngildTyackerrField (Romera c h

ot
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Ferrero et al., 2019) and TRex Field (Walter and Couzin, 2020) to resolve this problem. TRex is
another multianimal centroid tracking tool that works similarly to idTracker. idTracker and
TRex are highly optimized to maintatine identities of multiple animals (up to a hundred).
Therefore, the approach we adopted (as illustrated in Figure 2.15) was to track the video data
with either idTracker or TRex and use the centroid positions they generated as ground truth to
adjust thdracking after applying the autoencoder. However, we noticed that idTracker and
TRex still struggled to correctly identify an

Thus, the ultimate approach we used in this thesis work was manually correcting the
missed traking and the swapping identities. Therefore, after applying the autoencoder, we
manually stepped through each frame of tracked points and fixed those instances where
swapping occurred. Although it was prohibitively thim@nsuming, it was guaranteed to @nes
accurate tracking over time.

In the next chapter, | will show how we use this pipeline to quantify the social behavior

of prairie voles as they form pair bonds.
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Chapter 4QUANTIFYING THE REPERTOIRE OF BEHAVIORS
INVOLVED IN PRAIRIE VOLE SOCIAL BOND FORMATION

4.1 Introduction

In this chapter, | leverage the pipeline discussed in chapter 3 to track the social behavior
of prairie voles as they form social bonds. Using the tracked postures, | apply both unsupervised
and supervised machine learning approachasvestigate the behavioral repertoire of prairie
voles with genetically modified oxytocin receptors (OTRs). Specifically, | study voles with
OTRs globally knocked out (both centrally and peripherally) using clustered regularly
interspaced short palindromiepeats (CRISPR). With the CRISPR knockout (CRISPR KO)
voles, | first replicate a recent finding about the role of OTRs in social bond formation. Then
applying an unsupervised behavioral mapping approach, | extract the behaviors of the voles as
they form @ir bonds. In comparing CRISPR KO voles to wige control animals, | examine
the subtle behavioral differences that are likely to emerge between the two groups. Finally, | take
advantage of a supervised machine learning classifier to identify the Iseb#eioral

differences between the CRISPR KO and wild types as they form pair bonds.

4.2 Background

Pair bonding is a complex social process that involves behavioral changes across contexts
during sociosexual interactions. During the formation of alpand, animals perform many
different actions, such as chasing, fighting, allogrooming, mating, and huddling, with the
repertoire of these behaviors evolving over time as the nature of the social bond changes. These

changes can be thought of as alterationi n an ani mal 6s underl ying

A h
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engagemen(fTinbergen, 1952; Dawkins, 197@®.g., when one shifts from being unfamiliar to
familiar to being closely bonded with another).

The formation of these pair bonds in animals is thought to be modulated by
neurochemical systems acting within the brain to influence the behaviors of the animals to move
towards a state of parondedness. One of these neurochemical systems is the axgpetzm
(OT), among several others, like arginine vasopressin, dopamine, and serotonin. The OT system
is thought to act within the social brain network to promote social bond formation, maternal care,
empathyrelated behaviors, and parturition and lacta{Sue Carter et al., 1995; Insel and
Young, 2001; Numan and Young, 2016; Walum and Young, 20t®) activity of OT is
mediated by its highly selective receptors, OTRs. Although reca¢mse indicates that there is
a crosgalk, where the OT molecule can bind to vasopressin recdptionsira et al., 1994;

Hawtin et al., 2000; Song et al., 2014)

The OTRs are G proteicoupled receptors widelxpressed throughout the body and
brain; they can be found in the uterus, kidney, heart, mammary gland, anfGinaih and
Fahrenholz, 2001)In the periphery, the binding of OT to the OTRs is implicated in mediating
reproductive functions in both females and males, like parturition and lactation and erectile
function and copulation, respectivégyale, 1906; Summerlee and Lincoln, 1981; Swaney et al.,
2012) In the brain, they are deely expressed in the social brain areas, like the nucleus
accumbens, the amygdala, the prefrontal cortex, and the olfactory bulb, and are implicated in
mediating social behavior, specifically pair bond{Btapiro and Insel, 1992; Olazabal and
Young, 2006)

Early work with OTRs shows that intracerebroventricular (ICV) injeatiboxytocin

receptor antagonist (OTA) inhibits pair bond formatf@illiams et al., 1994)Even after
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mating (since mating is thought to facilitate bond formation), whe@®h is centrally infused
into the brain, it reduces the preference for a paftneel and Hulihan, 1995)sing viral
techniques such as RNA interference to knock down the OTR in the accumbens, thereby
reducing is density, inhibits pair bond formatigkeebaugh et al., 2015 onversely, taking
advantage of this viral technique to overexpress the OTRs within the accumbens via viral
mediated gene transfer also facilitates the formatiqrather preference in the prairie voles
(Keebaugh and Young, 2011Related to the individual genetic variation of the OTRs in the
accumbens, voles that have a high expression of OTR show a significant preference for the
partnes compared to voles with a low expresgiiing et al., 2016)

Most of these studies revealitite role of OTRs in pair bonding were performed in
prairie voles Klicrotus ochrogastgr The prairie voles have emerged as a premier animal model
for studying pair bonding. They are among the few percentages of mammals that are capable of
forming pair bouls that involve biparental care, where both sexes contribute equally to naturing
the young and defending their territory against intruders. In addition, the pair bonds formed by
the voles are robust because it is observed both in the field and {(Betatet al., 1981)When
prairie voles are tested in a partner preference test, a simple behgarathgm to assess the
choices of the animgWilliams et al., 1992)the paired individuals spend most of the time in
side-by-side physical contact with their partners compared to strangers, animals that are novel to
the pair(Gavish et al., 1983; Carter et al., 1988)addition to the selectivagference for their
partners, paired males and females that have had sexual contact show highly aggressive
behaviors toward unfamiliar conspecifics as a way to guard their mates compared to sexually

naive individual§Getz and Carter, 1980; Gavish et al., 1983)
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Contrary to what was previously thought of as the role of OTR in pair bond formation, a
recent publication tells a different story. Berendzen and colleagues show that OTRs are not
necessary for pair bond formati@@erendzen et al., 2022)sing a viral technology, CRISPR
Cas9, they selectively keked out the OTRs in the prairie voles, creating a mutant CRISPR
knockout (CRISPR KO) voles null for the receptor. Their results indicate that the CRISPR KO
voles, both males and females, show a strong preference for the partners when assayed with the
pair preference test after seven days of pairing the mutant voles with opgmsiteld types. In
addition to being able to form pair bonds, the mutant voles displayed aggressive behaviors
towards unfamiliar animals in the partner preference paradigm. T$@yoand that the mutant
voles showed bparental care and could bear viable pups similar to wild types. Before this work,
Horie and colleagues, who developed mutant voles with the same viral technology, showed that
the CRISPR KO voles exhibited allopat@rbehavior, as observed in wilgpe animals, and
were likely to spend significantly more time with another vole rather than an empiiantie et
al., 2019)

In light of these results, several questions arise: what is the role of the OTRs in pair
bonding if the end state &rming a bond is still achieved without them? Do the OTRs play a
role in the overall social behaviors of animals? It is challenging to imagine that the OTRs highly
expressed in areas of the nucleus accumbens, amygdala, prefrontal cortex, and brain region
considered part of the soci al centers do not
expression in the brain varies widely from one species to another. For example, even within
closely related species like prairie voles and meadow voles, thelnggisest concentration of
OTRs in the nucleus accumbens and amygdala in the prairie voles than in the promiscuous

meadow and montane volghapiro and Insel, 1992; Olazabal and Young, 200&¢n within
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the same species, there isaumal variation of the OTR expression in the brain. Due to a single
nucleotide polymorphism in the gene, some prairie voles have a high expression of OTR in the
nucleus accumbens than others with low expression in the same brain(keggat al., 2016)

Given our decades of knowledge about OTRs, and that the publication by Berendzen et
al., wasonly the recent work to show the counterevidence, we wanted to replicate their
(Berendzen and colleagues) work to observe whether knocking the OTR with CBAS®Roes
not prevent the prairie voles from showing a preference for the partners. Secondiyfrine
work involving the role of OTR in pair bond formation has primarily been centered on the end
state of it, measuring the preference of vole for its conspecific partner using the partner
preference ass@Williams et al., 1992; Keebaugh et al., 2015; King et al., 2016; Berendzen et
al., 2022) There has been less work looking at the behavioral repertoire of the animals as they
form pair bonds. For example, although Hoet al. measured social novelty, a test to detect the
preference for investigating an unfamiliar conspecific compared to a familiar one, they did not
analyze the behaviors performed during the familiarization prqeksg et al., 2019)

Given that the OT system is thoughimodulate the behavior of animals during social
interactions by mediating the social recognition and identity of a conspecific individual and
developing an association of a rewarding encounter with that affferguson et al., 2001,
Okuyama et al., 2016; Shamagoory and AbtAkel, 2016; Walum and Young, 2018ye
hypothesized that the OTRs modulate the social dynamics of betweenywhEsi@s they form
pair bonds. By leveraging our ability to knock out the OTRs specifically, we could investigate
how the behaviors of the mutants differed from the ayjok animals during bond formation but
not only at the end state. Moreover, Berendaah colleagues measured the end state of the pair

bonds by performing the partner preference test assay and did not quantify the behavioral
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interaction of the voles as they formed the pair bond. Therefore, we wanted to measure the

behavior of the prairieales as they formed pair bonds.

4.3 Materials and Methods

4.3.1 Experimental Model and Subject Details

The prairie voles (Microtus ochrogaster) laboratorgd at Emory University were
initially caught from the field in Illinois, USA. After weaning bstnatal day P2@3, the
animals were housed in groups of two to three voles of samsiblings per cage.
The animals were maintained on a 14:10 light/dark cycle with a temperaturé @R6Begrees
Fahrenheit and humidity at 4D%. They had ad lihitm access to food (lab rabbit diet HF
#5326) and water. Their cages were enriched with cotton pieces so that they could build nests.
The experiments were conducted in accordance with the guidelines of the National Institutes of
Health Guide for the Care dtse of Laboratory Animals and were approved by the Emory

University Institutional Animal Care and Use Committee.

4.3.2 CRISPR/Cas9 knockout prairie voles

The CRISPRCas9 knockout prairie voles were made according to the protocol
developed by Hori¢Horie et al., 2019; Horie and Nishimori, 202@ho specifically created the
animak that were used in this experiment. In summary, an embryo taken from an ovulating
female prairie vole is injected with Cas§RNA ribonucleoprotein. The single guide RNA is a
type of RNA molecule that binds to Cas9, an endonuclease, and directs itt(Cthearget
DNA. The Cas9 acts as molecular scissors to cut DNA at the location specified by the guide

RNA. The infected embryos are then transferred into pspuetgnant recipient females who
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carry them until they deliver newborns. Tissues from theefitiygs of the pups at P5 or ear
punches at p21 are genotyped to check for the deletion of OTRs. To expand the colony, the
founder voles, the first genetic line with knockaut OTRs, are mated with witype partners to

yield more knockouts.

4.3.3 Animal Types

We used only female prairie voles as the subject animals. We used 16 CRISPR KO and 12 wild
types (WT) females. The WT females were siblings of the CRISPR KO voles. Their male
conspecifics used in either the pairing or the other experimental regesére WT animals.

Both the female and male animals were sexually naive, and also, the females were not

ovariectomized or estroggrimed for the experiments.

4.3.4 Behavioral Paradigm

Once the voles were of adult age, after 60 days, they were utbedarperiments. The
behavior of the voles was recorded as illustrated in the figure 4.1. We initially placed the subject
vole (a CRISPR KO or WT animal) in a chamber (24 inches wide by 12 inches high and breadth
of 12 inches) separated by a Plexiglas withovel (WT) or the partngo-be (WT) animal for 30
minutes. It was done to get an idea of the behavior of voles when they are alone but in the
presence of another individual separated by a divider. To allow social stimulus transmission
between the sepated voles, we used transparent Plexiglas with multiple holes (1/16 inches in
diameter) drilled in them so that the animals could see and smell the other conspecifics. We
randomly alternated the individual recorded with the subject. If the subject wadaedth a

novel animal in the first session, then in the second session, they were recorded with their
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partnerto-be. Vice versa, the subject could have been recorded with the gartreem the first

session, then with the novel animal in the second session.

A)
Separated behavior with Separated behavior with
novel animal 1 (Exp. A) novel animal 1 (Exp. D)

Social preference test with partner and
novel animal 2 (Exp. F)

| - &

. _v - Cohabitation with partner . ;o -
(Exp. C)

Separated behavior with \ .—. ‘\ Separated behavior with
partner to-be (Exp. B) partner (Exp. E)

wm - W

B) Break Break Break Break Break
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Figure 4.1. The experimental paradigm with its timeline. The subject voles were ir
recorded with a novel animal or the future partner (Exp. A) in a chamber separat
transparent divider. If they were recorded with a novel animal in Exp. A,jnhExrp. B the'
were paired with the future partner animal or vice versa. The subject animal was pai
their partner for 48 hours. Following the cohabitation, the solo separated behavior was
in the same order as before the cohabitation.&fber, Exp. A == Exp. D and Exp. B ==
E. After it, we performed a social preference test for 2 hours.

Following the modified open field test, a solo separated session, we paired the subject
animals with their partners for 48 hours. Previous studies have shown that at least 24 hours of
cohabitation is sufficient to induce a partner preference, where indigidpend more time
huddling with their partner compared to a stranger in a partner preferen@#/itksins et al.,

1992) We recorded the first and the last 3 hours of the cohabitation. When they were not being
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recorded, the paired animals were placed in their home cage and taken back toitima.vivar

After cohabitation, we repeated the solo separated experiments in the same order as before the
pairing. We did this experiment to see if the animals altered their behaviors after they were
paired with their partner.

Following this experiment, we perfbed a social preference test (SPT). The SPT is
slightly different from the partner preference test, with the difference being that the partner and
stranger are placed under a cup instead of being tethered in the SPT. The stranger in the SPT
differs from he animal used in solo separated behavior recordings. We used a rectangular arena
(30 x 8 inches) and put the partner and stranger under rectangular metallic cups (7 inches wide
by 4 inches high and breadth of 4 inches). The rikshmetallic cups were pted at the ends of
the arena. The WT male animals were placed under the cups before the female CRISPR KO or
WT animals were introduced into the middle of the chamber. We allowed the females to explore

the arena for 2 hours and recorded the session.

4.3.5 Tracking animals

As discussed in chapter 3, we developed a custom pipeline that combinesrmimogi
deep learning pose estimation technology, such as mdDduer efal., 2022)and SLEAP
(Pereira et al., 2022)vith an autoencoder to robustly track multiple animals (Figure 4.2). By
adding the autoencoder, warcobtain detailed and higdtcuracy postural trajectories of various
animals. The pipeline helped us track instances, like when the animals spend more time with
each other during behaviors such as huddling, mutual grooming, and mating, that are key to the
social behavior of the voles. Although we had significant improvements in the tracking (please

refer to chapter 3), there are times when the tracked points swap identities between animals. It is
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a worrying limitation because it is ideal that we know thentity of the animals throughout the

entire recording.

A)

Obtain predictions on
frames

Record behavior Label body parts Train Neural Network

B)

Predictions from pose-
estimation approach

Manually correct
Apply Autoencoder tracking using GUI

Input Layer Encoder Decoder Output Layer

OOOO
!

YDA\

Figure4.2. Pipeline for robustly tracking animals. A) The pipeline to implement a fanitha
poseestimation deep learning method to track the posture of the aniBplAdding a
autoencoder to improve tracking and manually correct the swapped animal identities
aid of a GUI

To address this issue, we initially added a step to the pipeline by using idTracker
(RomeraFerrero et al., 2019another deefearning approach, to track the identities of animals.
However, we realized that idTracker wasnot
every instanceHence, we manually corrected the swapped identity by stepping through the
video frames. | built a graphical user interface (GUI) to make it easier to fix the identities

(https://github.com/senako/poseCorrectionGll For the analysis in this dissertation, | used
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maDLC and trained the network on approximately 60,000 frames, although the creators suggest
using 500 frames. | found that even 8000 frames could not generateteaimelti network.

Given such a large training dataset, | discovered that the maDLC waisdidtandling the data

t han SLEAP. maDLC had a better algorithm for
and graphical processing unit (GPU), which is used to train the network, than SLEAP. | tracked

11 body points on each animal, which includeth{sfrom the nose to the ears and along the

body trunk to their tails.

4.3.6 Unsupervised mapping of behaviors

Given our accurate and detailed fratmeframe tracking of the posture of animals, we
proceeded to measure their behaviors. One approaglattify the behavior of the voles is to
use the tracked x and y coordinates of the animal's center of mass to extract the trajectory and
other metrics like the distance traveled and the animal's speed. Although such metrics help
determine the locomotoryehavior of the animals, they provide limited information about the
ani mal 6s behavioral repertoire, such as huddl
behavioral mapping approach, MotionMapg&erman et al., 2014)o measure #behavioral
repertoire of the animals. This method takes an unbiased approach to extract stereotyped
behaviors (where stereotyped behaviors refer to repeatable behavioral actions). Therefore,
instead of a supervised machine learning approach (to be shsiclaser), where behaviors, such
as huddling and escape, are predefined, the unsupervised MotionMapper helps avoid the human
bias in scoring behavior and allows the revelation of the unknown subtle behaviors. In this
analysis, we only applied the Motionklger to only the first three hours of cohabitation data, not

the last three hours, or the s@eparated behavior and SPT. We did this to avoid the behavioral
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map being heavily skewed to statiorndike behaviors like huddling and sitting idle since they

are common during solo and SPT periods.

A)

left mid-waist

Angles between body
points

Figure 4.3. Calculating the metrics for MotionMapper. A) Schematic for calculatini
Eucli dean distances and 6Jointd angl es
dimensional set of time ses for MotionMapper.

4.3.6.1 Transforming input data for MotionMapper

To implement MotionMapper, we modified the pipeline and parameters used in the
original method to extract the behavior of animals. Sinceaakéd the body points of the
animals, instead of an image as used in the initial approach, we calculated the Euclidean
distances between these points on the vole (Figure 4.3). Therefore, for each body point, e.g., the
nose, | measured its distance toodiler tracked points, like the animal's left and right ears, hips,
and tail. Since the voles were of different sizes, | normalized the distance by the area of the
animal. | assumed the shape of the vole to be an ellipsoid, so | calculated its area.

Il aAzAz A
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a’i the distance between the nose and-bady

bi the distance between the rtiddy and the left/right end of the migiist of the body

Since the area of the vole would vary at different times based on the animal's posture, |
calculated itsarea at 1000 random time points and found the median value. That median value
was used to normalize the distances. I'n addit
angles between body points, for example, between the noseohyd and left eatHowever,
unlike the distance, | did not need to normalize the angles since that would not be affected by the
size of the vole. Therefore, by measuring the
animals performed a movement like running, groomiagring, and turning left or right, those
actions were captured by a change in the magnitude of those values.
By measuring those metrics, we created a-digiensional time series with 55 and 16
features for the distances and angles, respectively. Samge of the features are highly
correlated and it is computationally expensive to work with 71 features, we decided to reduce the
dimensions of the data using an autoencoder. As discussed in chapter 3, the autoencoder
functions like a no#linear principalcomponent analysis (PCA). We decided that instead of
combining the distance and angles into one data unit, we would treat them separately since they
are different units. Therefore, we applied a separate autoencoder to the distance and angles
(Figure 4.3)While there is no rigorous manner to determine the number of features for the
reduced dimension, we used a PCA to determine the lower bound of dimensionality reduction,
given that 95% of the variance is explained. We found that a lower dimension ofaglfior e

metric was ideal. Therefore, combining the latent representation from both autoencoders, we
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have 16 features represented in the same unit. We then standardize each feature by centering it to

its mean and scaling it to the unit standard deviation.

transformed postural spectrogram nonlinear spatial
time series generation embedding segmentation
ad THINS@F
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Figure 4.4. Pipeline for MotionMapper. A Morlet wavelet transform is applied tc
transformed postural time series to create a spectrogram for each feature. Subse@E
is used to map each pointtime into a twedimensional plane, and that is then clusterec
Obehavioral & regions by a watershed ¢t

4.3.6.2 Overview of modified MotionMapper pipeline

As performed in previous studié®erman et al., 2014; Klibaite and Shaevitz, 2020;
Overman et al., 2022)ve applied a Morlet wavelet transform on the latent postural tinesse
data to generate a spectrogram. This wavelet transformation createsscaialtime and
frequency resolution allowing for the representation of the postural dynamics at different time
scales. This idea of transforming the data from the time todrexy domain is critical to
guantifying the stereotypy of behavior. We sampled 50 points dyadically spaced between a
minimum frequency of 0.5 Hz and a maximum of 15 Hz (determined by the Nyquist frequency
of sampling frequency data, which was 30 Hz) fritwa spectrogram generated by the Morlet
wavelet transform. Therefore, for each feature in the latent representation (16 in total) from the
transformed postural time series, we have 50 frequency channels, resulting in 800 (16*50)

dimensional feature vectoesicoding the postural dynamics.
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Given that most of these features are strongly correlated, we appliedingasn
dimensionality reduction techniquedistributed stochastic neighbor embeddir§NE, to
reduce the dimensions. Maintaining the samematers (like the perplexity) as used in the
original method (since changing them did not alter our results), we®%¢# to create a two
dimensional (2D) probability density function (PDF) across the map of the postural dynamic.
We then applied a watdned transform to a gaussian smooth&lteansform from the-t
SNE. The watershed algorithm captures repeated motifs as stereotyped behaviors by assigning

data points to the same cluster that reach the same local maximum by ascending a local gradient.

4.3.7 Supervised extraction of behavior

The results obtained from the unsupervised mapping of behavior can sometimes be a
bird-eye view of behaviors and, as we shall see later in the results section, behaviors that occur
less often but share a similar ftempcy pattern with those that occur frequently can be lost in the
classification of behaviors extracted. Therefore, we decided to implement a supervised-machine
learning approach to classify behaviors, such as oral and anogenital investigation, approach,
attack, and escape, usually observed during a social interaction between animals. We leveraged
the metrics, like the Euclidean distances and angles, computed from the unsupervised approach
and included additional calculations to create a feature spacealevdated the distances
between the nose and rddy of one animal to the other body points of the second animal. We
also found an individué orientation (angle froril80 to 180 degrees) relative to the other and
computed each anin@alspeed at differétime lags (from 1 to 10). We proceeded to score the
cohabitation videos for behaviors, like oral and anogenital investigations, investigating the side

of an individual, approach, attack, escape, and huddling, by marking the video frame at which
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they stat and stop. | have uploaded samples of the classified videos to Git Hub

(https://github.com/senakoko/Thesis_VidpoFo aid the process of marking the start aog s

frames, | built a GUIHttps://github.com/senakoko/behaviorManke&siven the features and the

marked frames associated with the behaviors, we trained a support vector machine (SVM) to

classify them.

4.3.8 Statistical analysis

We performed a neparametric analysis in all cases when we evaluated for statistical
significance. We chose an alpha value of 0.05. When we were comparing repeated measures of
the samples, we performed a Wilcoxon signed rank test and did-Waitney test for the
independent group analysis. We used factorial analysis of variance (ANOVA) ta@mp
multiple groups, followed by post hoc comparisons with M#finitney. The data were shown
as meari standard error of the mean (SEM). All statistical analysis was performed using Scipy

(version 1.10. 0) and Statsmodel (version 0.13.5) in Python.

4.4 Results

4.4.1 Oxytocin Receptor Knockout voles can form social bonds

We sought to investigate whether the CRISPR KO voles could form social bonds and, in
a way, replicate the results published by Berendzen and colleagues. We paired sexually naive
CRISPR KOfemale voles with wiletype (WT) males for 48 hours. Similarly, as controls, we
paired naive WT female voles with WT males. After the cohabitation, we performed modified
partner preference testsocial preference tests (SPTs) to evaluate the prefel@nagartner

over a novel stranger. The WT males (both partner and stranger) were placed under cups,
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restricting them from initiating the approach toward the experimental females and making
physical contact with them.

We evaluated the time the experimérf¢aales spent in the partner and stranger zones
(within 3 inches from the edge of the cup) (Figure 4.5.A). We observed that CRISPR KO voles
spent significantly more time in their partner zone than in the stranger zone, and similarly seen
for the WT animbs (Figure 4.5.B). When we broke the time spent in the zones iatarite
ti me blocks, the CRISPR KO spent a considerahb
the first 20 minutes, similar to the WT animals (Figure 4.5.C). We decided to inteshigadotal
distance traveled by subject animals to identify if there were any locomotory differences.
Although we observed that in the 2 hours of SPT, the CRISPR KO and WT animals traveled
more within their partner 6stweendher (Figweed5.0)i d not
However, when we broke the distance traveled intenirfute blocks, the WTs traveled more in
their partnerds zone within the first 20 minu
distance traveled observedinthe W§sidue t o them moving around m
zone. The increased movement might be necessitated by their partner's activity under the cup.
However, since we cannot track the partners due to the occlusion by cup, we are unable to
completely ascertainow much of their behavior influences the behavior of the subject animals.
From the overall results of the time spent and distance traveled, we observe similar outcomes as
Berendzen and colleagues in that CRISPR KO animals show a strong preferende for the

partners.
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4.4.2 Knocking out OTRs doesot impair social curiosity and locomotory behavior
Given that the OTRs have been implicated in social behavior, we wondered if they

modulated the behaviors of the animals during social interactions. Therefore, we wanted to
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guantify the behavior of the las as they formed a pair bond. However, before analyzing the
social interaction during cohabitation, we sought to identify whether, by knocking out the OTRs,
the behavioral activity of the voles, such as locomotion, would be altered.

We performed a mod#id open field test where voles were placed in a chamber separated
from a conspecific who could be a potential partner or a stranger (Figure 4.6.A). Hence, this
modified open field had a social component, which is different from the traditional open field
test- a solo animal behavioral measure without any other individual in the vicinity of the
chamber. In this separation, the subject vole could see and smel@antner or novel
animal because we used a transparent Plexiglass and drilled sevesa litatie allow the flow

of scent. Since the OT system is implicated as a critical regulator of atikeebyehavior and
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95

social curiosity(Pisansky et al., 2017; Cohen and Shamhsgory, 2018)would the knockout

voles move around ledrequently and spend less time near the divider that separates them?
We quantified the locomotor activity of the animals in both sessions when recorded with

a future partner and a novel. We observed that CRISPR KO significantly moved around less

when canpared to the WTs (ANOVA,-palue = 0.007) when the results of both sessions were

combined, and it was significantly less in the second session than in the first (AN@¥Aep

= 0.03). However, when considering it as two separate experimental sedthonghathe

CRISPR KO animals were less likely to move around, we did not see any significant difference

between them and the WT animalsv@gdue = 0.12 in session 1 and/glue = 0.08 in session 2,

calculated using Posthoc Maihitney nonparametric te$t(Figure 4.6.B, Appendix A.2.1).

When we looked at the time spent near the divider, which is a reflection of social curiosity and

noveltyi the interest to investigate another animal that can be sensed, we did not see a

significant difference between tlkRRISPR KO and WT animals-{@lue > 0.05 in both sessions

2, calculated using Posthoc Mawhitney nonrparametric test) (Figure 4.6.E, Appendix A.2.2).

However, we did notice that WT males were likely to move around more and spend a significant

amount of ime near the partition than the female CRISPR KO animals. Taken together, the OTR

does not influence the anxielike, and social curiosityike behavior in female prairie voles.

However, there is some activilike difference between the female CRISPR &@mals and

WT animals. This activityike result is different from what was observed by Horie and

colleaguegHorie et al., 2019)The difference is likely due to a behavioral setup. In Horie et al.,

they performed a traditional opdield test; hence the presence of anothdividual cannot

influence the behavior of the subject animal.
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Figure 4.7. Behavioral map of the voles during the early phase (first 3 hou
cohabitation. A) A PDF of the stereotyped behaviors mabldabundary lines from tl
watershed transform B) Hierarchical cluster of behaviors into comeseed regions

4.4.3 Examining the behavioral repertoire of prairie voles during the early phase of
cohabitation

Since we did not find any substantial di¢nce (except for a likely increased locomotor
activity) in CRISPR KO and WT animals in the social preference test and modified open field
test, we sought to investigate the role of OTR in pair bond formation. We recorded the first three
hours of cohabitgon between opposksex prairie voles. The females were either CRISPR KO
(n=16) or WT (n=12), and the males were always WT voles. Using our unsupervised behavioral
mapping pipeline, we measured the behavioral repertoire of the voles during the ealgfphas
cohabitation by creating a behavioral space, adintensional probability density representation
(Figure 4.7.A). To ensure that we can compare the behavioral repertoire between the female and
male voles across the different groups of CRISPR KOs ans, We embedded all the animals
into the same space. The behavioral map consisted of 19,323,150 frames across the data for the

female and male voles. Using the watershed algorithm, we segmented the PDF into 99
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discretized behavioral regions, with nearbgions corresponding to similar behaviors (Figure
4.7.A). The 2D space revealed behavioral actions like rearing, oral investigation, grooming,
chewing, locomotory behavior, and huddling, represented as distinct peaks in the behavioral
map. Videos of thedeehaviors are uploaded to the GitHub repository

(https://github.com/senakoko/Thesis_Video$ use the behavioral map with the numbers to

identify the specific regions.
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Using a hierarchical approach, an informatimitleneck methodTishby et al., 2000Q)
we combined the fingrained behavioral clusters into large segments (Figure 4.7.B). The
information bottleneck method is a nbtarkovian approach that maximizes the information
about a future behavioral state while holding the infiram about the past states fixed.
Therefore, coarser representations of behaviors are made-gfdimed behaviors that are
closely similar in actions. We identified four prominent coaysened behavioral labels
grooming, chewing, locomotion, andedike behaviors. This identification was based on
viewing randomly selected clips of behaviors from the regions within those clusters. While we
note that several hierarchical coaggained could have been generated from the information
bottleneck apprazh, we found these four clusters were representative of the voles' behavior after
gualitatively examining them.

To investigate the temporal pattern of the behaviors at different time scales, we computed
the behavioral transition matrix. We calculated ghabability that an individual moves a
behavi oriafio rreg¢gdfievdrinansiion steps. For a givérl, where the behavior
transitions from one state to the next immediate state, we observed a local behavior transition;
behaviors moving to #hnext ones that are closely associated with it (Figure 4.8B). When we
organize the behavioral states by cluster generated from the information bottleneck method, we
see a modular structure (Figure 4-8R This modular structure is more pronounced when we
plot the transition matrix at longer time scales (Figure 4.8.D). At longer time scales, we start to
see that behavioral transition is Abtarkovian, indicating that there is an underlying memory to
its transition rather than only being Markovian. In piatthe transitions at longer time scales,
we selected the Markov tim&=5) that characterizes the decay time in the Markovian structure.

The decay time was calculated with this equation:
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Where_»(1) is the second largest eigenvalue describing the transition matriy.(
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Figure4.9. Behavioral densities as a function of time. We split the behavioral repertoi
30 minutes time bins. We see a gradual evolution from locombkielehavior in the ear
cohabitation period to more stationdiye behavor in the later hour.

We then sought to investigate how the behavioral repertoire of the voles changes over
time. Dividing the behaviors into 30 minutesbsns er t he 3 hours, we obse
behavior transitioned from activitand locomotonrylike behaviors to more stationelike
behaviors such as huddling (Figure 4.9). An indication of the natural behavior of animals to
explore new places, investigand be wary of strangers before gradually settling down to non

active behaviors when they have familiarized themselves with the area and the novel animals.



10C

CRISPR KO Wild type
EET 2 T
-4 2 0 2 4X10*

PDF

Figure 4.10. Differences in behavior between GPR KO and WT female animals.
Behavioral PDF map of recordings of all the CRISPR KO females B) Behavioral PC
of recordings of all the WT females. C) Difference between the two PDFs in A) &
Outlined areas are statistically significantly diéfet regions across the two maps.

4.4.4 CRISPR KO animals show subtle behavioral differences as compared to WT
animals

Given that we can measure the prairie vole
over time, we were interested in how OTR would modulate them since it is implicated in
regulating the social behavior of animals. In creating the behavioral map, wenedrttie data
from the CRISPR KO females, WT females, and WT males and projected them into one space
that allowed us to compare animal behaviors. Using a hierarchical bootstrapping approach,
where we took 1000 random samples while correcting for multypetheses, we compared the
difference between the behavioral maps of the CRISPR females and WT females. We observed
that CRISPR females were significantly more likely to engage in statioaaayhuddlingike
behavior than the WT females, who performederarctive and locomotielike behaviors

(Figure 10).
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Figure4.11. Behavioral densities as a function of time. Behavioral densities for CRISF
and WT female voles are broken down interibute intervad. WT females perform ve
activelike behavior during the early part of cohabitation and gradually transition tbkie
behavior later. In contrast, CRISPR KO females are mordikdieluring the entire period

4.4.5 Subtle differences between CRISRR and WT animals show up in the early

stages of bonding

From observing the subtle differences in the behavioral repertoire between CRISPR KO
and WT animals, we were interested in identifying whether there was a time component to the
difference. Since webserved that the behavioral repertoire changes over time, we asked
whether OTR similarly modulates the behavior differently at specific time points during
cohabitation. Taking a similar approach as done earlier, we separated the maps for the CRISPR
KO ard WT female animals and divided them inter@thute intervals. We identified that the
WT animals engaged in locomoteliige behaviors in the first hour and thirty minutes and moved
to more stationarjike behaviors (Figure 4.11). Although the CRISPR KCiqrened
locomotorylike actions, the behaviors of the CRISPR KO were predominately more stationary

like behaviors throughout the recorded period. In addition, we saw that the behavior of the WT



males paired with either the CRISPR KO or WT females transitidmom locomotonyfike

actions to stationarljke behaviors over the course of the 3 hours (Appendix A.2.5.)
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Figure4.12. Examining the behavioral covariances. (A) The covariance matrix of the
behaviors is sorted according to the information bottleneck clusters. (B) The eigenv
the covariance matrix. The first two eigenvalues (blue) are larger than the eigenvalues
from shuffling the behavioral density matrix (the error bars are the standard deviatio
shuffled data) (C) The eigenvectors corresponding to the(fop) and second (botto
eigenvalues plotted on the behavioral map.

One could have analyzed the total distance and speed based on thefeewries
tracking and obseged that the WTs moved more than CRISPR KO animals. However, you
would have missed the subtle transition in the behavioral repertoire of the animals over time. The
behavioral repertoire captures actions, such as escaping, approaching, and chewing, which

cannot be represented in the quantification of the total distance. To further dissociate the
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variance in the behavioral repertoire between the two groups, we measured the behavioral
covariance matrix across all the animal types over time (Overman et &), X2 the
approach taken by Overman, we found a vector of probabilitidsaBed on the regions from the
watershed transform (Figure 4.12A)Rs the timeaverage probability that vol@ performs
behavior ) during 3 hours of recording. To obiaa trajectory of the behavioral vector, we
calculated P for every 5 minutes within 3 hours. We then calculated the average behavioral
vector for the animal groups (CRISPR KO females, WT females, and the respective conspecific
WT male partners for theRISPR KO and WT females).

We then computed the covariance matrix of the set of mean behavioral vectors, M
[m(CRISPR KO)@ prygCRISPRKO) N (WT) &y (WT) y (WT paired with CRISPR KO 11 (WT paired with CRISPR KO)

I'Tl(WT paired with WT)é m 6(WT paired with WT] |' A 100 x 144

The covariance matrix (C(M) Cov(M)) reveals behaviors that are likely to increase or
decrease with respect to each other in the animal groups (Figure 4.12A). We then performed an
eigendecomposition on the covariance matiproject it into a lower dimensional space to
evaluate the modes that would likely explain the trajectories of the behavioral vectors. We
observed that the first and second modes captured the behavioral vector above the eigenvector
and eigenvalues fromte covariance matrix of the independently shuffled columns of the
behavioral vector M (Figure 4.12B). The modes, especially the first, seem to capture the

locomotorylike and stationarjike behaviors of the voles (Figure 4.12B).
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To observe how the lower dimensional representation of the voles changes with time, we
projected each anim@l behavioral vector onto the eigenvalues (only focused on the first and
second). The first eigenmode isolated behavior differences between the CRISPR KO and WT
females (Figure 4.13). It confirmed our earlier observation from Figufle wHich showed the
transition from locomotorjike behavior to a more stationary one, especially in WT animals,
compared to predominantly stationdike behavior in CRISPR KO animals. We also observed
an evident sexual dimorphism in the projection ofawidr between the CRISPR female and WT

males, but not seen in the pairing between WT females and males (Figure 4.13).

First Eigenvector Second Eigenvector
4] 04 == WT females 0:4 f
g %) =e= WT females
- ——
S CRISPR females g E8= CRISPR females *
2 02| @ g oL < 0.2 i
o i il I3 . sl s 585 g
& . 1 ii: 2 ataadis 00
o) ol ¥ L e iy ] o
N RH HEH L T i :
- fhatte P L AL g
g . . »
g -0.2| g -0.2
':% 0.4 2 0.4
-0.4{ £ -o.
5 20 35 50 65 80 95 110 125 140 155 170 5 20 35 50 65 80 95 110 125 140 155 170
Time (min) Time (min)
First Eigenvector First Eigenvector
0.4 == CRISPR females 0.4 =e= WT females
w v
5] WT males ] “e~ WT males
g $ -
s s 0.2 l..:., o ' S ® SRS S *e
=) S0 K ll!' i :l-'.' . A o |
A, X [ $8ied pidavces
i 4 L ETTH
g e [} i' 1 ] ! .'l -"| ' 4 |'.';=="'-
vl |
= g ) HELE L tiid ln..l'l
0t e S R L
@ @ . . Se o it
=} o
8 2 -0.2
o o
_OJ _w
& g
A -0.4 & —04
5 20 35 50 65 80 95 110 125 140 155 170 5 20 35 50 65 80 95 110 125 140 155 170
Time (min) Time (min)

Figure4.13. Projections of the CRISPR and WT females' data onto the first eigenvec
and the second eigenvector (B) plotted as a function of time. Projections of the CRI¢
WT pair data onto the firstigenvector (C) and WT female and male pair onto the
eigenvector (D). The dots are values for individual animals. Mean and SEM plot for-
and error bars.
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4.4.6 The subtle behavioral difference between CRISPR KO and WT associated with
oral investigation and movement activities

In creatingthe map of the voles' behavioral repertoire, one inherently assumes that
behavior is stereotyped. However, behavior is not always stereotyped, and movement actions
with similar frequency patterns can easily be clustered under one highly dominating behavior
When the postural time series is transformed into the frequency domain by applying the wavelet
transformation, a crucial step in creating the behavioral map, we assume that all behaviors would
have unique frequency dynamics that would allow us to cltlsten separately. Our analyses
show that certain behaviors have similar frequency patterns, as illustrated by their spectrograms
(Figure 4.14). For example, a behavior like escape shares a frequency pattern similar to an oral
investigation, and also, whewou look at the spectrogram for stationdike behavior, such as
huddling and defensive upright, they have identical properties. Consequently, those comparable
behaviors are likely to be clustered together, leading to that behavior that often happens duri
the social interaction between animals being identified as the primary behavior over the less
frequent ones. A solution to this challenge is to perform a frequency template matching where
templates based on specified behaviors are used to extracbéiaseors from the wavelet
transformation. Although there is an advantage of obtaining the desired behaviors, this approach
is limited by having to know all desired behaviors that an animal is likely to perform. It removes
the ability to identify subtlteah unknown behaviors in the ani mal

However, since we took advantage of the unsupervised approach to identify subtle
differences between CRISPR KO and WT females, we can narrow down to the time points
where they occurred. Leveraging the feadtbe Euclidean distances and angles between body

points on an animalsee methods and materials for details) extracted to create the modified
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postural time series and other calcul ated
machine clasifier, a support vector machine, to classify a set of predefined behaviors like oral
and anogenital investigation, escape, and approach. We adopted the approach of using a
classifier instead of manual scoring because the classifier allowed for higheghubd of

labeling more behaviors compared to the human atioat
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Figure4.14. Spectrograms of the wavelet transformation of behaviors. Certain behavi
escape (top left) and oral investigation (top right) show similar frequency patterns whic
leadthem being clustered together as the same behavior. Also, the behaviors like |
(bottom left) would be selected over defensive upright (bottom right) when clustered t
because the y occur more

We focused on the first 30 minutes of social interaction to investigate the differences in

behaviors. We observed that WT female animals were significantly more likely to perform an

me t
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oral investigation of their conspecific partner than the CRISBRdtmales (Figure 4.15). We
did not see any difference between the two groups in behaviors like defensive upright, anogenital
sniffing, and investigating other body sides of the animal. Considering that from our earlier
observation with the unsupervisedapach, we saw that WT females performed locometion
like behaviors more than CRISPR females, we wanted to find what were those active behaviors.
Applying the classifier to extract locomotion behaviors like approaching or escaping from a
partner, we foundhtat WT females were likelier to perform those behaviors (although not
significant). When all locomotiofike behaviors were combined, we saw a significant increase
in the WT compared to the CRISPR KO. Taken together, these results confirm our earlier

obsevation based on the unsupervised approach and implicating OTRs in possiblilactive

behaviors.

Oral investigation of partner

Anogenital investigation of partner

Defensive upright toward partner

300
° * 250 ° °
ns
° 200 ns
250
200 °
—_—~ M L4 —_—~
w 200 ° 2z ~~150
~ ~ o (2]
= c 150 ° “E
2 2 ° ¢ 2 100 °
il C 100 © .
=] =] 5
a (=) Aa °
50 50
Wild type CRISPR Knockout o Wild type CRISPR Knockout o Wild type CRISPR Knockout
Approach partner Escape from partner Locomotion
° ns ° ns 800 ° *
200 600
700
— e —~ 500
@ 150 £ i 600
= c 400 ~
S ° k<) g S0 °
= =
S 100 ° © 300 = 400 °
a a 5 300 o
° 200 a °
50 ° 200
100 o 100
'] -
Wild type CRISPR Knockout ° Wild type CRISPR Knockout wild type CRISPR Knockout

Figure4.15. CRISPR KO animals move less compared to WT. Examined the durat
investigatory (oral, anogenital iastigation and approach) and aggressive (escap
defensive upright) behaviors displayed toward a partner. *p<0.05, **p<0.01, ***p<0

ns, not significant
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4.5 DISCUSSION

In this chapter, we investigate the social behavior of praites\es they form pair
bonds. We find that mutant voles with OTR knocked out show a subtle behavioral difference
from WT animals. Given recent evidence by Berendzen and colle@@grendzen et al., 2022)
showing that mutant voles with OTR knocked out can form pair bonds, which contradicted
previous studies that indicated pharmacologically blocking or virally interfering with the OTRs
prevents prairie voles from showing a preference for the partner, viedmannvestigate if
OTR influences the behaviors of at some point during their interactions. Interestingly, by
employing the same viral technique as Berendzen et al., using CRI&WR0 knock out the
OTR globally in the voles, we show that voles calhfstm pair bonds (Figure 4.5). There are a
few possibilities as to why our results (including that of Berendzen et al.) contrast with the
previous studies. One possible reason is that although the OTRs are knocked out, the OT
neurochemical binds to AVieceptors. Studies have shown that there is crosstalk between the
OT and AVP systems, where OT binds to OTRs and AVP receptors, V1aR, and V1bR, and the
AVP has an affinity for its three receptors, V1aR, V1bR, and V2R and @irRura et al.,
1994; Chini et al., 1995; Hawtigt al., 2000; Song et al., 201#&)ence, even though the OTR
pathway might be eliminated, the AVP receptor pathways are sufficient to allow pair bonding in
the prairie voles. The AVP system is implicated in pair bond formation in prairie (\Ldlest
al., 2001; Lim and Young, 2d). Secondly, even if there was no strong binding between OT and
AVP receptors, there is a chance of brain plasticity where the AVP pathway becomes the
dominant channel for bonding. After the voles are weaned, they are placed together with same

sex siltings. Therefore, it is probable that since the animals have to form a familial bonding to
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coexist with one another, given that voles are very territorial and aggressive towards strangers,
the AVP system becomes the main pathway through which the anonalsdcial bonds.

To rule out the possibility of the brain developing a compensatory mechanism via the
AVP system, future studies can leverage the CRISBBO viral technique to knock out either
only the AVP receptors or both AVP and OT receptors. latorg mutant voles with only AVP
receptors knocked out, its role in modulating pair bond formation can be established, similar to
the experiments in this research. If the voles do not form a pair bond by eliminating only the
AVP receptors, we can attributee AVP system as the primary pathway via which the animals
form pair bonds. However, if they still form pair bonds, as we have seen here, one could then
knock out both systems. Eliminating both the OT and AVP receptors takes away the chance of
crosstalkand hence it might provide a conclusive study of their roles in pair bonding.

A third reason why our results contradict previous studies could be because the
pharmacological and viral approaches were not specific in targeting only OTRs. The OTR
antagonits might have blocked other receptors, specifically AVP receptors, preventing the
prairie voles from showing a preference for their partners.

Since there are genetic variations of OTRs within the same s|fimgset al., 2016)
and varying OTR expressions in different brain areas and sgg8tiagiro and Insel, 1992;

Olazabal and Young, 2008)e hypothesized that for adaptive reasons OTR might still influence
the sociabehavior of animals during pair bond formation. We applied unsupervised behavioral
mapping to extract the behaviors of the prairie voles during the early phase of cohabitation (first
3 hours). Using this method, we were able to measure the behaviortireder a large

number of voles for a long duration, which would have beentomsuming and biased if done

by a human annotator (Figure 4.7). We saw a gradual shift from locomotory aneli&etive



11C

behavior to stationary and huddling behavior (Figu#d.4n this behavioral repertoire transition,

we observed that CRISPR KO females were likely to spend more time in a stationary mode than
WT, which showed more active to idike behaviors (Figure 4.11). The Oxytocin system is
implicated in regulating stal approaches and escape behavior of ani(Raansky et al., 2017;
Cohen and Shamalsoory, 2018; Terburg et al., 2018nd hence the WT animals, with intact

OTR, were likely to move around more compared to the CRISPR KO voles.

Although the unsupervised approacheaig the behavior repertoire of the animals, it
does not cluster every possible animal behavior into its unique group. Some behaviors, like an
escape and oral investigation, might be clustered together. Hence, we are likely to miss certain
behaviors thatra uniquely and differently performed by either the CRISPR KO or WT females.
Since the spectrogram of some behaviors, as seen in figure 4.14, might have similar patterns, an
approach that can be implemented is to perform wavelet matching, commonly spidhig
sorting in electrophysiological analygiEkanadham et al., 2014; Pachitariulet2016)

However, trying to perform a wavelet templat@tching approach could become supervised,
requiring the experimenter to have a foreknowledge of all behaviors they are interested in. It has
the advantage of classifying the desired behaviorsvbutd be limited to extracting other

actions that are not predefined.

In addition, in adopting the unsupervised method, we assume that behavior is stereotyped
and create a behavioral representation that primarily clusters those stereotyped behaviors.
However, there are nestereotyped behaviors that might dictate the animals' movements. For
example, as observed in fruit flies, they perform-stareotyped behaviors approximately half
the time(Berman et al., 2014; Todd et al., 201Therefore, we might not have wholly

represented thentire behavioral repertoire of the prairie voles during pair bond formation.
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Taking advantage of a supervised machine learning classifier, we looked at the first 30
minutes of cohabitation and saw that CRISPR KO voles were less likely to investigate their
partners orally and both approach and escape from them compared to the WT animals (Figure
4.15). Therefore, although the OTR might not alter the end state of pair bondedness, it is likely to
induce subtle behavioral differences in the voles as they femkonds.

Although we recorded and analyzed the behavioral repertoire of prairie voles during the
first 3 hours of the pair bond formation, a pair bond is a complex state that manifests over long
periods. Hence, the 3 hours of recording provide a linptetdire of the bond formation.

Analyzing a 48hour (or at least 24 hours of recording, since 24 hours of cohabitation is
sufficient for pair bond formatio(Williams et al., 1992)cohabitation of prairie voles social
interaction will provide an extensive overview of the behavioral dynamics invoiyeair bond
formation. In addition to the videography, a recording of the vocalization of the voles will give
extra information about their behavioral dynamics (we will further discuss this topic in the next
Chapter).

In conclusion, this work lays a fadation for applying quantitative methods to measure
the social behavior of prairie voles and to encourage further investigation of the role of both OT

and AVP receptors during pair bond formation.



Chapter 5CONCLUSION AND FUTURE DIRECTIONS

5.1 ThesisContribution

The objective of this thesis is to quantify the social behavior of prairie voles during pair
bond formation and the role of oxytocin receptors during the process. It has beetealtbng
view that oxytocin receptors are necessary for pair lbamadation in prairie voles. However,
recent studieBerendzen et al., 202ahd our work here show the contrary. Thus, by
guantifying prairie vole's social behavior, this work addresses the role of the oxytocin receptors
during pair bond formation.

We leveraged varying technological advancemeindm using prairie voles with
oxytocin receptors knocked out with CRISPR/@as utilizing deedearning approaches to
guantify the ani mal s& s oc i-@Bkhockedeu wles, werhavea Us i n
mutant animal model where we know the/tmcin receptors are absent globally, both centrally
and peripherally. With these mutant animals, we could investigate whether the oxytocin
receptors influence pair bond formation in prairie voles.

We developed a pipeline that enabled us to robustly theckostures of the prairie voles
during pair bond formation (See Chapter 3). Thus, with these postures, we can build a detailed
behavior al representation of the animal sd soc
subset of behaviors like bddling and mating, but not the entire behavioral repertoire of the
animals. Hence, to our knowledge, no work has shown the detailed mapping of the vole behavior
during the early phase (first 3 hours) of cohabitation.

From our work, we find that althoughxytocin receptors might alter some behaviors, like
the activity level of the prairie voles, during pair bond formation, they are not necessary for bond

formation.
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5.2 Summaries of Chapters

5.2.1 Chapter 1 summary

In chapter 1, | introduced the oxyto@pstem and its purported role in facilitating social
behavior, specifically pair bond formation. This chapter is primarily a review of studies about
what is known regarding the neurochemical oxytocin and its canonical receptors, oxytocin
receptors. The giocin system is thought to act both centrally in the brain and peripherally in
the body. It is implicated in pair bond formation, parental care, uterine contraction, and lactation.
Our knowledge of its role in facilitating pair bond formation comes frataresive studies in a
premier animal model, prairie voles. The prairie voles, a socially monogamous rodent, have a
dense expression of the oxytocin receptors in brain regions such as the nucleus accumbens,
prefrontal cortex, and amygdala, considered sdxcaih centers. And by manipulating the
oxytocin system in these brain regions, we have observed alterations in the social behaviors of
the prairie voles, from parental care and empathy to their preference for a partner.

Through studies in the voles anher animals like mice and primates, we have
developed a working hypothesis about the role of oxytocin in social behavior. The hypothesis
postulates that the oxytocin system facilitates the salience of the social information received
from a conspecific pamer, such that the animal develops a memory of the other individual and
associates a rewarding value to the interaction. In addition, we also highlight the role of arginine

vasopressin, a closely related molecule to oxytocin, dopamine, opioids, andreradimcaids.
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5.2.2 Chapter 2 summary
This chapter focuses on why it is essential to quantify social behavior and its difficulty.
Contrary to measuring behavior in a single animal or collective behaviors of large groups, like a
swarm of insects or birds @ gang of meerkats, quantifying social behavior-Bhghimals
remains undeexplored. We lack the same level of detailed language in quantification and tools
for measuring the social interaction of a couple of animals. Hence, | provide a perspective on
how to address this gap. | propose a framework to measure the royyanment
classification of behaviors of the animals during social interactions and project the behavioral
repertoire of the animals into a space based on their stereotypy. With theetludghe
ani mal s 6 behav i-dmessioralrsghcetrepresentation of theirestereotyped
behavior, we can better understand the complex dynamic nature of social behavior.
Additionally, through this framework, we can investigate the hierarcbrganization of
behavior during social interactions. We can look at if future behaviors are only dependent on the
current state of movement, a Markovian principle, or if there is memory in behavior, a non
Markovian rule, where a current behavior is degenan an action that happened sometime in
the past (some distant behavioral state). Investigating social behavior is a lens to understanding
the brain; therefore, by measuring social behavior, we can gain insights into how the brain
processes input sigrgafrom the environment, including social cues, and couples that with its

internal state to dictate actions.

5.2.3 Chapter 3 summary
In this chapter, | talked about the pipeline | developed to robustly track the social

behavior of prairie voles during pdond formation. Although there have been technological
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advancements in annotating several body points on multiple animals in the last few years using
deeplearning approaches, these tools struggle to accurately track the body points when the
animals aren close contact. They either label a body part on the wrong individual or swap the
animal®identities. Therefore, | developed an Autoencoder, a-tbsseping network, combined
with the output of tracking tools, like maDLC and SLEAP, to fix the swapigsugs. The
Autoencoder learns the postures of the voles and imposes-kkegbeior on the tracked body
points. Therefore, whenever there is a significant deviation from a possiblékeosbape, the
Autoencoder impugns a fix on it. In such a manheatt when the tracking t o
body points in some video frames, the Autoencoder makes a considerably good estimation of
where they should be, based on its memory of the previous point and other current labeled ones.
With the improved trackig, we can implement the framework discussed in chapter 2 to
create a representation of the behavioral repertoire of the animals instead of having maps built

from spurious body postures.

5.2.3 Chapter 4 summary

This chapter investigates the role of oxytoreceptors during pair bond formation. |
combine the framework proposed in chapter 2 and the pipeline developed in chapter 3 to
measure the social behavior in mutant andyifze voles during the first 3 hours of
cohabitation. By robustly tracking tip@stures of the paired voles and using an unsupervised
method to project the behavior into 2D representation, | observed the temporal evolution of the
vole behavior from locomotoflfke movements to stationafike actions like huddling. When
the CRISPRCas9 mutant voles are compared to wiygpe animals, the oxytocin receptor

knockout animals exhibited more stationdike behaviors than wildype animals. To confirm
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the presence of this subtle behavioral repertoire difference, | applied a supervisetemachi
learning classifier to classify behaviors such as oral and anogenital investigation, attack, and
locomotion behaviors like approaching and escaping. CRISPR/@ales performed less of
these behaviors compared to wiljghe animals. However, despite atbhehavioral differences,

we concluded oxytocin receptors were not necessary for pair bond formation in prairie voles.

5.3 Future Directions

This thesis work proposes a framework to measure social behavior in prairie voles during
social behavior and otributes to understanding the possible role of the oxytocin receptors.
However, it opens several questions that need to be addressed and further improvements that

need to be made. These questions and improvements will be the focus of my discussion below.

5.3.1 Beyond Videography

In chapter 2, | proposed a framework for measuring the social behavi ahignals.
However, it is reliant on taking a video recording of the social interactions of the animals, and
this inherently excludes external sensory cues, like vocalizationgaimaot be captured with a
camera. To fully understand the social behavior of animals, one must measure all the information
that is likely to influence social interactions. Given that behavior is both spontaneous (driven by
t he ani mal 0 s dreactivee(dictaid by exterad aigs), ininessential that
communication via auditory or odorant cues is integrated into quantifying the social behavior.
For example, studies in mice show that they emit ultrasonic vocalizations in different social
contexts and that there is associated sexual dimorphisn{t?hhi t e et al ., 1998,

Moles, 2001; Hanson and Hayl, 2012) Sangiamo and colleagues show that mice were likely
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to decrease the pitch of vocal signals during courting and aggressive behaviors and conversely
increase them during natominant behaviors like fleeing from another anif&ingiamo et al.,
2020) Therefore, by considering the communication information, one is likely to understand
better why behavior captured with videography is performedfateint frequencies or times
during an interaction. A female animal might be receptive to a male that vocalizes more, hence

more mating behavior between them, than a less vocal male, who might have fewer mating bouts

(White et al., 1998; Hammerschmidt et al., 2009)

5.3.2 What about nosstereotyped behaviors?

In our framework, we discuss@dojecting the behavioral repertoire of animals in 2D
representations that maps their stereotyped behaviors. Hence, we make this assumption of
stereotypy. So, if a behavior happens to besidner eot yped, we dondét grou
naively clusered next to a stereotyped action. Behavior is not always stereotyped, and animals
perform nonrstereotyped behaviors a considerable amount of(@®aanan et al., 2014; Todd et
al., 2017) Therefore, a behavioral mapping framework must carefully consider how to include

those behaviorsithe measurements.

5.3.3 Extending from 2D to a 3D recording of social behavior

In collecting the video data for measuring the social behavior of voles, we used a single
camera mounted onto the chamber to record a 2D top view. This view limits thedadtihe
experimenter to quantify certain behaviors, like defensive upright and mounting, which are better
identified with a sideview camera. Therefore, instead of a traditional 2D camera setup from

either the top or side or from the bottom, we propaseg a multicamera view to allow the
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recording of wholebody movement. While there are depth cameras that can give an extra
dimensionality to the recorded ddtdong et al., 2015; Wiltschko et al., 2018)ey are limited

in tracking the d@ill pose and struggle in naturalistic settifi@twarin et al., 2014)The multt

camera setup would include using 3 or 6 cameras positioned to allow the complete 3D
reconstruction of the skeletons of the aninfBlsnn et al., 2021; Marshall et al., 202[h)

addition to this threeor six-camera setup, one can add extra cameras to record from the bottom
and top of the behavioral chamber to obtain a comprehensive of the @mroaément. Next to

the cameras, one should include microphones to record the vocalizations of the animals as they
interact with each othéBangiamo et al., 2020\ multi-microphone setup similar to the

cameras6é can help an experimenter triangul ate

5.3.4 Recording electrophysiological activity during social interaction

Measuring social behavior is a lens to understanding ty&igdgy of the brain, so in
addition to quantifying social interactions of prairie voles during pair bond formation, the neural
activity needs to be recorded. To increase our knowledge about pair bond formation in prairie
voles, we need to record the détephysiology activity from brain areas, such as the nucleus
accumbens and the prefrontal cortex, to understand how they modulate the behavioral actions of
the animals. Work from our lab has shown that functional connectivity between the medial
prefrontalcortex and nucleus accumbens is predictive of how quickly animals express affiliative
behavior towards a partner. This work was based on recording local field potential from these
brain areas. Yet to be explored is the recording of single andumititacivity from the brain
regions to understand how the spiking pattern could influence the social behaviors of the voles.

One hypothesis will have held is that there is siiddel coherence (SFG)a measure of
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synchronization between the local field potahfLFP) and spike timésthat occurs during

affiliative behaviors (e.g., mating). In addition, we hypothesize that during social interactions,

striatal neurons wi l | Aswitcho from gamma osc
The first hypothesig premised on the studies that oxytocin is released into the network

of social brain centers that drive SFC in the nucleus accunfpénst o and Od&éDonnel |,

2002) Therefore, the release of oxytocin during affiliative behaviors is likely to cause SFC. For

the second hypothesis, studies have shown thattlatal neural population oscillates in

different frequency ranges and can switch from one band to another indepsident manner

(Berke, 2009; Gruber et al., 200Hor example, when animals move around, there is a 50Hz

oscillation in the striatal neurons. However, if these animals are deprived of water and are cued

to obtain a sweetened wat er Illateatvahigl80Hzgamma at al

frequency during the reward period and then back to 50 Hz gamma after the rewdkeekels

2009) Consequently, in a rewarding context like during mating, the striatal neural activity would

switch 80 Hz oscillations.

5.3.5 How about the arginine vasopressin system?

In chapter 4, we observed that oxytocin receptor knockout female prdesoauld
form pair bonds and that although there were subtle behavioral differences between them and the
wildtypes, the oxytocin receptors were not necessary for bond formation. These results rise
several questions, and one of them is, what if we knodkeah the receptors at adult age?
Boender from the Young lab performed such an experiment and saw that voles still showed a
significant preference for their partner, even after 6 hours of cohabitation and up to 2 weeks

(unpublished). How about the neurocheahitself, oxytocin? Before we discuss possible
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experiments with it, we would like to consider arginine vasopressin receptors. It is known that
there is a crosstalk between the oxytocin and vasopressin systems. AVP can bind to OTRs and its
three recepta; while OT has an affinity for its receptor, OTR, V1aR, and ViRwra et al.,

1994; Chini et al., 1995; Hawtin et al., 2000; Song et al., 20k®refore, it is possible that

oxytocin might be binding to the vasopressin receptors to facilitate pair bonding.

Henceto rule out this possibility, an experiment to perform is to knock out the
vasopressin receptors. This can be done in two Wwéyst, knock out only the vasopressin
receptors without touching the oxytocin receptors in one cohort of animals. Thercond se
animal cohort, knock out both oxytocin and receptors. | hypothesize that the second cohort of
prairie voles with the oxytocin and vasopressin receptors knocked out will not form pair bonds.
Unlike in the first cohort, where the chance of crosstallkares) the animals in the second
cohort would show similar results to those of receptor antagonists experiments. Since using
pharmacology antagonists likely blocks both receptors because of their lack of specificity.
However, if the first cohort does notasi a preference for their partner, then the vasopressin
receptors are the primary factor (necessary) for pair bond formation in prairie voles.

What if, even after knocking out both receptors, the voles still show a preference for their
partners? Since oxycin may bind to other receptors that we do not know about or induces the
activity of other systems like dopamine to facilitate pair bond formation, the next step should
target the neurochemical. One should knock out oxytocin. Although there are several
implications of knocking out oxytocin since it mediates reproductive functions and physiological
processefGimpl and Fahrenholz, 20013)his experiment will hone in on the necessity of

oxytocin for pair bond formation.
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5.3.6 How much deeper can we go?

In the thesis, we leveragedddeg ar ni ng approaches to track
robustly fix swapping iages associated with them. Despite these approaches, maintaining
animal s6 identities remained a challenge | ead
proposed adding a convolutional neural network to the pipeline so that the autoencoder was not
solely reliant on the output of the tracking tools (i.e., maDLC and SLEAP). However, one can
take it a step further by including transformers.

Transformers are dedparning networks capable of sslipervised training (i.e., they do
not need a training setgerated by the user but instead train themselves by finding samples) to
learn context and track relationships between sequences in th{® astani et al., 2017)

Al t hough we dbenddhow thheywolkystudies shpw theey have been effective in

natural language processing for predicting the next word in a serfi2eden et al., 2019;

Radford Alec et al., 2019For example, if one uses the most recent version of Microsoft word,

one will notice that it suggests the subsequent word or phrase to type as one writes. Given their
ability to predicttle next sequence based on a context, t
future pose by knowing its current position and posture. maDLC have started experimenting with
transformers in their pipelingauer et al., 2022)ut it does not yield the desired results of

maintaining identities. One possible reason is that their transformer uses the direct tracked output
of maDLC, which we have shown in chapter 3 is not goadigh. Therefore, applying the

transformer to the results from the autoencoder might be the solution.
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Chapter 6APPENDIX A. CHAPTER 4 SUPPLEMENTARY MATERIAL

A.1 Meta Data ofprairie voles used in experiments
Note: The Vole #s is not continuous becausegddition to the CRISPR KO and WT animals
analyzed in this thesis, | also recorded the behavior of high ardXpressing oxytocin

receptors.

Female KO-/- = CRISPR KO female animals

Female KO +/+ = Wiletype female animals (Siblings of CRISPR KO femalarals)

Experimental Animal Details

Animal Information

Vole 05 DOB 7/11/21
ID 3346613
Animal Type Female- KO +/+
Generation 48

Partner DOB 6/12/21
ID 3340127
Animal Type Male - WT reg
Generation 260

Novel 1 DOB 6/12/21
ID 3340128
Animal Type Male - WT reg
Generation 260

Novel 2 DOB 6/7/21
ID 3343003
Animal Type Male - WT reg
Generation 265

Vole 06 DOB 7/11/21
ID 3346612
Animal Type Female- KO +/+




Generation 48

Partner DOB 6/12/21
ID 3340128
Animal Type Male- WT reg
Generation 260

Novel 1 DOB 6/12/21
ID 3340127
Animal Type Male- WT reg
Generation 260

Novel 2 DOB 6/7/21
ID 3343002
Animal Type Male - WT reg
Generation 265

Vole 11 DOB 8/11/21
ID 3352395
Animal Type Female- KO -/-
Generation 38

Partner DOB 6/7/21
ID 3343003
Animal Type Male- WT reg
Generation 264

Novel 1 DOB 6/7/21
ID 3343002
Animal Type Male- WT reg
Generation 265

Novel 2 DOB 9/12/21
ID 3358403
Animal Type Male- WT reg
Generation 265

Vole 12 DOB 8/11/21
ID 3352397
Animal Type Female- KO +/+
Generation 53A

Partner DOB 6/7/21
ID 3343002
Animal Type Male - WT reg
Generation 265
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Novel 1 DOB 6/7/21
ID 3343003
Animal Type Male- WT reg
Generation 264

Novel 2 DOB 9/12/21
ID 3358402
Animal Type Male- WT reg
Generation 248

Vole 13 DOB 8/27/21
ID 3354777
Animal Type Female- KO -/-
Generation 50A

Partner DOB 6/12/21
ID 3340126
Animal Type Male - WT reg
Generation 260

Novel 1 DOB 6/7/21
ID 3343001
Animal Type Male - WT reg
Generation 265

Novel 2 DOB 5/20/21
ID 3340107
Animal Type Male - WT reg
Generation 270

Vole 14 DOB 8/27/21
ID 3354776
Animal Type Female- KO -/-
Generation 50A

Partner DOB 6/7/21
ID 3343001
Animal Type Male - WT reg
Generation 265

Novel 1 DOB 6/12/21
ID 3340126
Animal Type Male - WT reg
Generation 260

Novel 2 DOB 5/20/21
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ID 3340106
Animal Type Male- WT reg
Generation 270

Vole 15 DOB 8/27/21
ID 3354775
Animal Type Female- KO -/-
Generation 50A

Partner DOB 6/27/21
ID 3344039
Animal Type Male- WT reg
Generation 263

Novel 1 DOB 6/27/21
ID 3344038
Animal Type Male - WT reg
Generation 263

Novel 2 DOB 7/15/21
ID 3349768
Animal Type Male - WT reg
Generation 270

Vole 16 DOB 8/22/21
ID 3354767
Animal Type Female- KO -/-
Generation 40

Partner DOB 6/27/21
ID 3344038
Animal Type Male - WT reg
Generation 263

Novel 1 DOB 6/27/21
ID 3344039
Animal Type Male - WT reg
Generation 263

Novel 2 DOB 7/15/21
ID 3349767
Animal Type Male - WT reg
Generation 270

Vole 17 DOB 8/7/21
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ID 3352381
Animal Type Female- KO +/+
Generation 51

Partner DOB 6/29/21
ID 3344034
Animal Type Male- WT reg
Generation 264

Novel 1 DOB 6/27/21
ID 3344037
Animal Type Male- WT reg
Generation 263

Novel 2 DOB 6/20/21
ID 3340112
Animal Type Male- WT reg
Generation 279

Vole 18 DOB 7/14/21
ID 3346618
Animal Type Female KO +/+
Generation 46

Partner DOB 6/27/21
ID 3344037
Animal Type Male - WT reg
Generation 263

Novel 1 DOB 6/29/21
ID 3344034
Animal Type Male - WT reg
Generation 264

Novel 2 DOB 6/20/21
ID 3340104
Animal Type Male - WT reg
Generation 279

Vole 27 DOB 8/31/21
ID 3356144
Animal Type Female- KO -/-
Generation 49

Partner DOB 6/20/21
ID 3340112
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Animal Type Male- WT reg
Generation 279

Novel 1 DOB 6/20/21
ID 3340104
Animal Type Male- WT reg
Generation 279

Novel 2 DOB 9/22/21
ID 3361176
Animal Type Male- WT reg
Generation 261

Vole 28 DOB 8/31/21
ID 3356143
Animal Type Female- KO -/-
Generation 49

Partner DOB 6/20/21
ID 3340104
Animal Type Male- WT reg
Generation 279

Novel 1 DOB 6/20/21
ID 3340112
Animal Type Male- WT reg
Generation 279

Novel 2 DOB 9/22/21
ID 3361175
Animal Type Male- WT reg
Generation 261

Vole 37 DOB 8/7/21
ID 3352380
Animal Type Female- KO +/+
Generation 51

Partner DOB 9/21/21
ID 3361178
Animal Type Male - WT reg
Generation 257

Novel 1 DOB 9/21/21
ID 3361177
Animal Type Male - WT reg




Generation 257

Novel 2 DOB 10/3/21
ID 3362206
Animal Type Male- WT reg
Generation 275

Vole 38 DOB 8/28/21
ID 3354779
Animal Type Female- KO +/+
Generation 46

Partner DOB 9/21/21
ID 3361177
Animal Type Male- WT reg
Generation 257

Novel 1 DOB 9/21/21
ID 3361178
Animal Type Male- WT reg
Generation 257

Novel 2 DOB 10/3/21
ID 3362205
Animal Type Male- WT reg
Generation 275

Vole 39 DOB 8/16/21
ID 3353394
Animal Type Female- KO -/-
Generation a7

Partner DOB 9/22/21
ID 3361176
Animal Type Male- WT reg
Generation 261

Novel 1 DOB 9/22/21
ID 3361175
Animal Type Male - WT reg
Generation 261

Novel 2 DOB 10/6/21
ID 3362208
Animal Type Male - WT reg
Generation 260
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Vole 40 DOB 9/21/21
ID 3360215
Animal Type Female- KO +/+
Generation 55

Partner DOB 9/22/21
ID 3361175
Animal Type Male- WT reg
Generation 261

Novel 1 DOB 9/22/21
ID 3361176
Animal Type Male - WT reg
Generation 261

Novel 2 DOB 10/6/21
ID 3362208
Animal Type Male - WT reg
Generation 260

Vole 47 DOB 11/20/21
ID 3369342
Animal Type Female- KO -/-
Generation 53B

Partner DOB 10/3/21
ID 3362205
Animal Type Male- WT reg
Generation 275

Novel 1 DOB 10/3/21
ID 3362204
Animal Type Male- WT reg
Generation 275

Novel 2 DOB 10/6/21
ID 3362208
Animal Type Male - WT reg
Generation 260

Vole 48 DOB 11/20/21
ID 3369341
Animal Type Female- KO -/-
Generation 53B




Partner DOB 10/3/21
ID 3362204
Animal Type Male- WT reg
Generation 275

Novel 1 DOB 10/3/21
ID 3362205
Animal Type Male- WT reg
Generation 275

Novel 2 DOB 10/6/21
ID 3362207
Animal Type Male- WT reg
Generation 260

Vole 49 DOB 11/20/21
ID 3369344
Animal Type Female- KO -/-
Generation 53B

Partner DOB 10/6/21
ID 3362208
Animal Type Male - WT reg
Generation 260

Novel 1 DOB 10/6/21
ID 3362207
Animal Type Male - WT reg
Generation 260

Novel 2 DOB 10/6/21
ID 3364356
Animal Type Male - WT reg
Generation 265

Vole 50 DOB 11/20/21
ID 3369343
Animal Type Female- KO -/-
Generation 53B

Partner DOB 10/6/21
ID 3362207
Animal Type Male - WT reg
Generation 260

Novel 1 DOB 10/6/21
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ID 3362208
Animal Type Male- WT reg
Generation 260

Novel 2 DOB 10/6/21
ID 3364355
Animal Type Male- WT reg
Generation 265

Vole 51 DOB 11/9/21
ID 3368133
Animal Type Female- KO -/-
Generation 57

Partner DOB 10/6/21
ID 3365356
Animal Type Male - WT reg
Generation 265

Novel 1 DOB 10/6/21
ID 3365355
Animal Type Male - WT reg
Generation 265

Novel 2 DOB 10/10/21
ID 3363661
Animal Type Male - WT reg
Generation 248

Vole 52 DOB 11/9/21
ID 3368132
Animal Type Female- KO -/-
Generation 58

Partner DOB 10/6/21
ID 3365355
Animal Type Male - WT reg
Generation 265

Novel 1 DOB 10/6/21
ID 3365356
Animal Type Male - WT reg
Generation 265

Novel 2 DOB 10/10/21
ID 3363660
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Animal Type Male- WT reg
Generation 248

Vole 53 DOB 12/5/21
ID 3371326
Animal Type Female- KO +/+
Generation 54

Partner DOB 10/13/21
ID 3363658
Animal Type Male- WT reg
Generation 257

Novel 1 DOB 10/13/21
ID 3363657
Animal Type Male- WT reg
Generation 257

Novel 2 DOB 10/11/21
ID 3364342
Animal Type Male- WT reg
Generation 274

Vole 54 DOB 12/5/21
ID 3371327
Animal Type Female- KO +/+
Generation 54

Partner DOB 10/13/21
ID 3363657
Animal Type Male - WT reg
Generation 257

Novel 1 DOB 10/13/21
ID 3363658
Animal Type Male - WT reg
Generation 257

Novel 2 DOB 10/11/21
ID 3364343
Animal Type Male - WT reg
Generation 274

Vole 55 DOB 11/7/21
ID 3368141




Animal Type Female- KO +/+
Generation 54

Partner DOB 10/10/21
ID 3363661
Animal Type Male- WT reg
Generation 248

Novel 1 DOB 10/10/21
ID 3363660
Animal Type Male- WT reg
Generation 248

Novel 2 DOB 10/11/21
ID 3364343
Animal Type Male- WT reg
Generation 274

Vole 56 DOB 11/7/21
ID 3368140
Animal Type Female- KO +/+
Generation 56

Partner DOB 10/10/21
ID 3363660
Animal Type Male- WT reg
Generation 248

Novel 1 DOB 10/10/21
ID 3363661
Animal Type Male- WT reg
Generation 248

Novel 2 DOB 10/11/21
ID 3364342
Animal Type Male- WT reg
Generation 274

Vole 57 DOB 10/19/21
ID 3364382
Animal Type Female- KO -/-
Generation 58

Partner DOB 10/13/21
ID 3363656
Animal Type Male - WT Reg
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Generation 257

Novel 1 DOB 10/10/21
ID 3363659
Animal Type Male - WT Reg
Generation 248

Novel 2 DOB 10/11/21
ID 3364342
Animal Type Male- WT reg
Generation 274

Vole 58 DOB 11/7/21
ID 3368137
Animal Type Female- KO -/-
Generation 51

Partner DOB 10/10/21
ID 3363659
Animal Type Male- WT Reg
Generation 248

Novel 1 DOB 10/13/21
ID 3363656
Animal Type Male- WT Reg
Generation 257

Novel 2 DOB 10/11/21
ID 3364341
Animal Type Male- WT reg
Generation 274
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A.2 Supplemental Figus

Appendix A.2.1 Locomotor activity of voles during the modified open field Test.

total distance traveled Bgmaleanimals inthe first session (A) and second session(C).
The total distanct&aveled by male animals in the first (B) and second sessions (D).
*p<0.05, **p<0.01, **p<0.0001; N.S., not significant















