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Opioid use disorder is thought to arise from persistently dysregulated neural activity in brain
regions associated with reward and motivation, but the precise molecular and circuit mechanisms
underlying individual differences in susceptibility to escalated opioid use are not well understood. To
address this gap, we have utilized a rat model of IV heroin self-administration in which rats display
robust individual differences in self-administration. Multiple addiction metrics are collected
throughout the paradigm and used to generate an addiction risk profile for each rat, which can then
be classified as high or low risk. We compared brain-wide cFOS between rats with varying addiction
risk histories, with and without re-exposure to a drug-paired cue, demonstrating brain-wide neural
activity differences between high and low addiction risk rats after cued reinstatement. Using a
generalized linear model, we tested for significant relationships between addiction metrics and cFOS
z-scores in each brain region, revealing specific signatures of neural activity associated with unique

behavioral patterns. High addiction risk rats were additionally found to be uniquely characterized by



a loss of correlated cFOS z-scores in cortical and parahippocampal brain regions during protracted

withdrawal from heroin.

A central node in opioid addiction circuitry is the nucleus accumbens (NAc), which
integrates glutamatergic input from diverse brain regions with dopaminergic input from the ventral
tegmental area. To characterize the transcriptional state of neurons throughout this circuit, we
conducted snRNAseq in prelimbic cortex (PL), NAc, and VP after self-administration and
protracted withdrawal. We hypothesized that subsets of NAc medium spiny neurons (MSNs) would
be significantly perturbed in rats with high addiction risk behaviors, while PL. neurons were expected
to display more uniform changes. Nuclei isolation and library prep were conducted using 10X
Genomics Next GEM pipeline, and data analysis was completed using the R package Seurat. Data
was integrated with high-quality mouse scRINAseq datasets to facilitate identification of shared and
distinct neuronal subtypes for each brain region, producing an atlas of known and novel cell types.
Analysis of each neuronal subtype revealed significant transcriptional alterations in multiple NAc D1
and D2 expressing MSN sub-clusters, as well as 1.2/3 and 1.4/5 I'T neurons in PL, including a
conserved response in genes associated with postsynaptic densities across these distinct cell types. In
contrast, VP neurons were largely unchanged by heroin exposure, despite high expression of the p.-
opioid receptor in VP. WGCNA analysis revealed neuronal subtype-specific modules of gene
expression with differential expression by heroin addiction risk group and highlighted the
importance of the metabotropic glutamate receptor mGluR5 in delineating high and low addiction
risk gene expression patterns in all three brain regions. Using an intersectional CRISPR/Cas9 viral
strategy, we knocked out mGluR5 from D1 MSNs in the NAc, which are known to alter their
activity in acute opioid reward and during opioid withdrawal. Grm5 KO rats were less likely to
engage in escalated opioid intake if they were classified as low risk before this intervention, and

displayed signs of stabilization in their addiction risk phenotype if they were previously categorized



as high risk. In summary, we observed a brain-wide signature of altered neuronal activity in high-risk
rats, as well as cell-type specific loss of correlated gene expression in PL. and NAc. We hypothesize
that the bidirectional changes detected in Grm5 (upregulated in PL, downregulated in NAc) may
represent a protective homeostatic change induced after escalated opioid intake, accompanied by an
opioid-use induced decline in NAc glutamatergic tone from higher-order cortical regions.
Eliminating mGluR5 from D1 MSNs was sufficient to attenuate heroin escalation in both low-risk
and high-risk rats. Thus, using a multi-modal approach, we have expanded our knowledge of the
brain regions, circuits, and cell types that become dysregulated after escalated opioid use, and
specifically identified a subtype of metabotropic glutamate receptor in the NAc as an important

player in the regulation of neural plasticity across cycles of opioid use, abstinence, and relapse.



Table of Contents:
Acknowledgements (8)
Introduction (9)

1. On pain and pain-relief
ii. Adaptations to cortico-striatal circuits across the addiction cycle
a) Acute opioid reward circuitry: the ventral tegmental area and beyond
b) Chronic opioid self-administration sets the stage for withdrawal
c) Withdrawal-induced neural plasticity potentiates episodes of relapse
iii. Molecular drivers of exogenous opioid-induced neuroplasticity
a) G protein coupled receptor-induced neuromodulation after acute opioid
treatment
b) Transcriptional cascades associated with opioid use and withdrawal

Chapter One: Modeling opioid use disorder in mice and rats (27)

1. What makes a rodent “high-risk” for addiction?

ii. General behavioral methods

iii. Risk stratification: latent profile and principal component-based analyses of addiction
metrics in rat IV heroin self-administration

iv. Unsupervised machine learning approaches to capture a spectrum of naturalistic and
opioid-induced behaviors during self-administration

v. Summary

Chapter Two: Whole-brain activity profiling of high and low risk rats after protracted opioid
withdrawal and reinstatement (53)

1. Experimental design and hypotheses

ii. Computation methods for alignment and segmentation of volumetric rat whole brain
imaging data

iii. A generalized linear model facilitates statistical testing for relationships between
addiction risk metrics and brain-region-specific induction of cFOS

iv. Network analysis reveals loss of correlated cFOS z-scores in high addiction risk rats

v. Summary

Chapter Three: Identifying and comprehensively characterizing opioid-perturbed cell types with
snRNAseq (67)

1. Experimental design and hypotheses

i. snRNAseq methods and analysis pipeline

iii. Divergence in I'T and PT neuron transcriptional state by addiction risk group in
prelimbic cortex

iv. Nucleus accumbens neurons are robustly altered in high-risk rats, while ventral
pallidal neurons remain quiescent

v. Summary

Chapter Four: Assessing the effect of cell-type-specific mGIluR5 knockout upon addiction risk
trajectory after protracted withdrawal (105)



i.  Rationale, experimental design, methods, and hypotheses
ii.  Results
fi.  Summary

Discussion and conclusions (112)
Supplementary information (115)

References (120)



Acknowledgements

First, I would like to thank my scientific mentors. I was very fortunate to stumble into Ed
Perez-Reyes’s lab at the University of Virginia as an undergraduate, where I received extraordinary
training in adeno-associated viral vector design, production, and utilization for mapping of
hyperactive epileptic circuits. This experience led me to seek out an environment where I could
combine my interests in genetic characterization of neuronal function with rigorous training in
systems neuroscience: thus, I was thrilled to get the opportunity to join the Stuber lab for my
graduate studies. Over the past four years, I have greatly benefited from Garret’s strong passion for
science, commitment to excellence, and impressive ability to remain unfazed by obstacles. I have
also been supported, motivated, and encouraged by my fellow lab members, whose expertise and

insight were essential to completing much of the work described here.

For as long as I can remember, my family’s greatest priority has been to ensure that I can
access the best possible education. Any milestone that I attain is a direct result of my parents’ tireless
hard work over many years. I am extremely grateful to them for their unwavering support and
patience as I slowly work towards my goals. I would also like to thank my younger brother William,
whose experience originally motivated me to pursue a career bridging basic neuroscience and clinical
practice, and who has grown up to become the most resilient and compassionate person I know.

This dissertation is dedicated to Bill, Sonya, and William Burke.



Introduction

Section I: On pain and pain-relief

In the natural world, pain has a vital role in shaping animal behavior to avoid circumstances
which may lead to tissue damage and death. The utility and necessity of pain is obvious when
considering the diverse dangers each animal may encounter throughout its life. Neural mechanisms
underlying this process have been largely elucidated: nociceptive signals from peripheral sensory
nerves are relayed to the brainstem and diverge into higher-order structures (somatosensory cortex,
amygdala, insula), which integrate the pain signal within the larger environmental context. The
general consequence of acute pain is initiation of movement away from the noxious stimulus,
whether via a simple spinal reflex or a coordinated attempt to flee a dangerous environment for a
safer one. Repeated or inescapable pain stimuli can lead to complete behavioral arrest, a state of
mixed value while calculating odds of physical recovery and ultimate survival. A hypo-locomotive,
injured mouse may benefit from a period of rest, but it also makes an easy target for an observant

predator.

This hypothetical mouse has two conflicting evolutionary imperatives: first, to allow the
injury to heal and avoid further damage, and second, not to be eaten. Thus, a system to temporarily
oppose the aversive effects of pain is now required. The release of endogenous p-opioid agonists
(ex. enkephalin), in concert with faster-acting complementary neuromodulators in specific brain
regions (ex. norepinephrine, dopamine) enables the mouse to briefly disregard the nociceptive input
and engage in vigorous movement to run away from the circling hawk. A precise homeostatic
balance of pain and pain-relief neural processes is crucial: too much pain, and the mouse is unable to
move, but too much pain-relief can lead to additional injury and disrupt the encoding of pain-

generating stimuli into memory.



The latter situation was near-impossible for most animals to achieve, until around 3,400

B.C.E., when Sumerians in Mesopotamia began cultivating the opium poppy.' In ancient Greece, the
utility of opium as a painkiller and “sleep” inducer was well known to early physicians, as was the
danger of drug tolerance, dependance, and overdose.' Despite the substantial risks associated with
exogenous opioids, they have proved irresistible to physicians and patients alike for thousands of
years. In 1915, a Johns Hopkins clinical instructor laid out the views of the medical establishment in
JAMA: “If the entire materia medica at our disposal were limited to the choice and use of only one
drug, I am sure that a great many, if not the majority, of us were choose opium; and I am convinced
that if we were to select...half a dozen of the most important drugs in the Pharmacopeia, we should

252

all place opium in the first rank.”” Over a hundred years later, more modern tools have so far failed

to supplant opioids, particularly when treating severe and intractable pain.

In humans, physical pain rarely occurs without some induction of emotional pain.
Conversely, stress alone can be sufficient to induce hyperalgesia, particularly in those with a history
of adverse experiences in early life.” From individual to individual, significant variability has been
observed in both susceptibility to both the rewarding effects of opioids and to the potentially-
aversive physical side effects of acute opioid intoxication (ex. nausea.)* As a result, the total
population of people with opioid dependance represents a convergence of several groups: those
with physical pain, those hoping to self-medicate emotional pain, distress, or anxiety, and those
taking opioids recreationally for pleasure. All three groups have substantial degrees of overlap, and
people in the “all of the above” category are likely most at risk for developing clinical opioid use
disorder (OUD). A so-called “self-medication hypothesis” suggests that many cases of substance use
disorder more closely resemble attempts to manage comorbid depression or anxiety conditions than
uncontrolled instances of impulsive reward-seeking behavior.”® OUD is distinguished from opioid

dependence by out-of-control use and drug preoccupation, with both sharing the emergence of
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negative symptoms during drug abstinence.” The stressors faced by modern humans in the
developed world occasionally have parallels with the circling hawk (temporary and avoidable, with
some luck), but often take more abstract and inescapable forms, particularly for populations without
substantial social and economic resources. For those unable to alleviate their pain by other methods,
opioids can provide short-term comfort and respite, but chronic exposure comes at the cost of long-
term molecular and circuit-level adaptations, substituting a long-term dysphoric state that can
potentiate future cycles of abstinence and relapse. Psychiatrists hoping to reset their patients’ neural
circuits to something resembling the opioid-naive state are severely limited by the current
pharmacological toolbox. While direct antagonism of the opioid system with naltrexone can partially
alleviate cravings, it also often exacerbates negative physical and emotional symptoms during drug
abstinence.® Partial opioid agonists are effective in reducing both drug cravings and withdrawal
symptoms, but are generally prescribed in perpetuity to prevent relapse, maintaining some degree of
opioid dependance. This status quo of “lesser” opioid treatment can be distressing to patients who
desire complete freedom from drug use. Importantly, medical treatment of opioid use disorder
symptoms has repeatedly been shown to be the superior approach from a total harm reduction

standpoint.”

In summary, endogenous opioids serve an important evolutionary role in enabling organisms
to temporarily ignore pain to facilitate action. Since the earliest recorded human history, the ubiquity
of painful experiences has created a demand for exogenous opioids, which has grown exponentially
in scale with the advent of more potent (and more easily obtainable) synthetic p-opioid agonists. To
move forward in supporting and treating people with opioid use disorder, and in developing safer
and more effective pain treatments, it is imperative to improve our understanding of the precise

neural mechanisms that drive and maintain maladaptive opioid seeking behaviors.
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Section II: Adaptations to cortico-striatal circuits across the addiction cycle
Acute opioid reward circuitry: the ventral tegmental area and beyond:

Upon initial use, acute opioid-induced reward has been shown to be principally induced by a
disinhibitory mechanism in the ventral tegmental area (VTA). Early mechanistic studies described
concurrent hyperpolarization of GABAergic interneurons and increased dopamine (DA) neuron
firing in response to p-opioid agonists, for which expression of the G; coupled p-opioid receptor
(MOR) in interneurons was required.'’ Primary projection targets of VI'A dopamine neurons
include the nucleus accumbens (NAc), prefrontal cortex (PFC), and amygdala."' NAc is principally
composed of GABAergic projection neurons known as medium spiny neurons (MSNs), roughly
divided into two major subtypes based on their expression of either the D1 or D2 dopamine
receptor. The D1 dopamine receptor (D1R) is G, coupled, inducing a pro-excitatory response to
dopamine via cAMP/adenylate cyclase induction, whereas the D2 dopamine receptor (D2R) is G;
coupled and pro-inhibitory.”” D1 and D2 MSNss also differ in respect to their projection targets, with
D1 “direct pathway” MSNss largely projecting back to the VT'A, and D2 “indirect pathway”” MSN's

targeting the ventral pallidum (VP).

Initial optogenetic studies comparing stimulation of D1 and D2 MSNs found that activating
D2 MSNs alone in dorsomedial striatum induced a hypokinetic state, which could be reversed by
activation of D1 MSNs, supporting roles for these neurons in driving a “go/no go” motor signal.”®
This finding was paralleled in ventral striatum by the observation of differing biases for each
population in processing input with positive or negative affective value, with D1 MSNs shown to be
activated by rewarding stimuli and D2 MSNs more likely to be activated by aversive stimuli.'*"

Thus, a preliminary theory set out opposing roles for D1 and D2 MSNs, with D1 MSN activation

induced by appetitive or rewarding stimuli and leading to immediate increases in behavior or
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locomotion, and D2 MSN activation conversely induced by aversive stimuli and increasing anti-
action inhibitory tone. However, recent work characterizing D1 and D2 MSN activity in bulk with
fiber photometry has complicated this picture, demonstrating that D1 MSNs respond
indiscriminately to salient stimuli (including rewards) and that both D1 and D2 MSN optogenetic
self-stimulation can be reinforcing.' Single-cell miniscope 1p recordings in the NAc during
appetitive and aversive conditioning produced similar results, showing predominant inhibition of D1
and D2s after sucrose delivery and excitation after shock.” Both D1 and D2 MSNs integrate the
neuromodulatory DA signal from the VT'A with glutamatergic input from mPFC, aPV'T, basolateral
amygdala, and ventral hippocampus, which may underly findings of highly correlated D1 and D2
MSN activity in response to various rewarding and aversive stimuli. Cell-type specific roles of these
glutamate projections have partially been delineated: for example, chronic morphine potentiates
PVT/D2 MSN circuits via enhanced expression of AMPARs.”® D1 MSN projections to the VTA
are not uniform, with medial shell MSNs inhibiting DA release directly, and lateral shell MSN's
promoting DA release by inhibition of local GABAergic interneurons in the VI'A.™ This synaptic
heterogeneity may explain some of the incongruity observed between studies measuring or
manipulating MSN activity in varying behavioral contexts. Existing work characterizing MSN
function generally focuses on their spatial location (NAc core vs. medial vs. lateral shell), rather than

interrogating their cellular identity beyond the broad strokes of D1 and D2.

Given that MSN responses to VT'A DA and other stimuli have been a major focus of many
behavioral neuroscience subfields, the large body of work available to characterize them is not
surprising, but the lack of congruity in the field about the role of these neurons in reward and
motivation can be difficult to disentangle. This uncertainty is paralleled by ongoing debate about the

role of VTA DA itself in learning, with the field still somewhat split about whether DA signals
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reward/salience®, reward prediction error?' (RPE), or some combination of the two. A detailed
discussion of DA’s role in learning is somewhat out of the scope of this dissertation, but in short, it
seems reasonable that much of the conflict about DA’s role could be resolved by a more complete
understanding of NAc MSNs themselves, who are likely the major effectors of the DA signal
amongst the VI'A’s diverse projection targets. In self-administration studies, animals learn to self-
administer drugs, which act either directly or indirectly to modulate DA, likely modifying current
and future learning processes. When an animal does not engage in voluntary drug self-
administration, there are at least two possible explanations for this: they may be neophobic and find
the sensations induced by the drug more aversive than rewarding, or they may find the drug quite
rewarding, but fail to make the association between the lever press and the drug reward. In the
former case, we would hypothesize that rats would develop an avoidant response to the active lever,
while in the latter they should continue to press both active and inactive levers occasionally and
stochastically. Generally, we find that most rats with very low self-administration rates display
patterns closer to the “aversive” category than the “poor learning” category. However, failed
learners could still be considered valid members of the “low addiction risk” phenotype, as they may
carry favorable genetic, epigenetic, or environmental factors which enable them to avoid acquiring a

learned addiction-like behavioral response.

Nearly all D2 MSNs, and a subset of D1 MSNSs, project to the ventral pallidum, a primarily
GABAergic “limbic final common pathway.”?? Downstream targets of VP neurons include mPFC
(cholinergic projection), NAc (GABAetgic), basolateral amygdala (cholinergic/glutamatergic), VTA
(GABAergic/glutamatergic), lateral habenula (GABAergic/glutamatergic), and mediodorsal
thalamus (GABAergic/cholinergic.)®® Within the VP is a “hedonic hotspot” of enriched MOR

expression, which is sufficient to induce food-reward related behaviors upon direct delivery of MOR
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agonists.?* This hotspot may represent one potential mechanism of DA-independent exogenous
opioid reward, a concept first explored after dopamine-deficient mice were shown to be capable of
acquiring a conditioned place preference to morphine.”® MORs ate also abundant in the NAc,
adding complexity to our model of opioid reward there, as MOR expressing MSNs must integrate
glutamatergic, cholinergic, and dopaminergic relation with exogenous MOR activation. Meanwhile,
non-MOR expressing MSNs “escape” MOR-mediated inhibition, possibly increasing their

contribution to eatly opioid reward.

To recap the opioid reward circuit described thus far, MOR binding to VTA interneurons
transiently increases DA neuron firing and local DA concentrations in the NAc. This increase is
hypothesized to shift D1 MSNs to a pro-excitatory state, subsets of which project back to VT'A
interneurons, again promoting disinhibition, enhancing reward, and facilitating action. D2 MSNs are
instead pushed in the opposite direction towards inhibition, leading to downstream disinhibition of
VP neurons, whose firing is also strongly associated with reward and motivation for appetitive
stimuli. However, for better or worse, both human and rodent behavior is not solely driven by basic
sensations of rewarding and aversive stimuli. Instead, these inputs are integrated along with more
neutral sensory information by higher cortical regions, with top-down inhibitory control over action
largely associated with the medial PFC. Chemogenetic inhibition of prelimbic cortex (PL) pyramidal
neurons is sufficient to block morphine-induced conditioned place preference (CPP), supporting a
role for PL in the sensation and/or expression of opioid reward.?® GABAergic local interneurons
likely mediate much of the acute opioid response in PL, but in a cell-type and circuit specific
manner, with parvalbumin (PV) neurons most likely to be inhibited immediately after morphine

treatment.?” In contrast, somatostatin (SST) neurons display enhanced inhibition of PVs, finally

resulting in disinhibition of pyramidal neurons.?” Universal blockade of AMPA receptors in PL (but
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notably not in infralimbic cortex, another mPFC subregion) increased morphine CPP in a DA-
dependent manner?®, confirming that PL. DA release can modulate opioid reward-related behaviors.
Differing levels of tonic PL. DA are associated with distinct effects upon PL interneurons: in a low
DA state, DA is principally bound by D1Rs, shifting these neurons towards excitation and
increasing local GABAergic tone.?® Conversely, high DA states bias the system towards D2R
activation and decreased GABAergic tone.?® On pyramidal neurons, activation of D1Rs can extend
DA-induced long term potentiation, augmenting the high DA-induced disinhibition.* Taken
together, the evidence reviewed here supports a primary disinhibitory mechanism of opioid reward,
with exogenous opioids and DA acting in tandem to alter the balance of excitation and inhibition in

diverse brain regions from the brainstem to the prefrontal cortex.
Chronic opioid self-administration sets the stage for withdrawal:

When does acute opioid exposure transition to chronic opioid use? In rodent models, the
answer appears to be around five to seven days of opioid administration, or long enough to induce
physiological drug dependance and withdrawal upon drug cessation. The great majority of
mechanistic studies examine the brain either after acute opioid exposure or after opioid withdrawal,
leaving the continuum of stepwise changes occurring during chronic opioid use largely mysterious.
Acute or physiological signs of opioid withdrawal-induced autonomic dysregulation (wet dog shakes,
chewing, GI upset, grooming, jumping, etc.) increase in the absence of drug up to the 48-hour mark,
then gradually resolve.®’ They can also be induced more rapidly with naloxone treatment. An eatly
study examining GABAergic VTA synapses in acute withdrawal found an enhancement in DA
neuron IPSCs*, which may contribute to the immediate negative physical and emotional effects
observed in early stages of drug abstinence. After long-term or highly escalated opioid treatment or

self-administration, symptoms of protracted withdrawal may emerge. For rodents, these include
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decreased sociability and sucrose preference, as well as an increase in anxiety-related behaviors.®®
Both D1 and D2 MSNs have been implicated in driving opioid withdrawal phenotypes: long term
depression induced in an anterior paraventricular thalamus (aPVT) to D2 MSN circuit ameliorated
acute withdrawal symptoms but left protracted withdrawal unchanged, while dual D1 MSN LTP
induction and norBNI pre-treatment reduced the severity of negative affective behaviors during
morphine withdrawal.?* The specific importance of the kappa opioid receptor (IKOR) system in
opioid withdrawal will be revisited in section III. D1 MSNs, but not D2 MSNss, display marked
electrophysiological changes during fentanyl abstinence, with increased excitatory input and
excitability despite reduced dendritic complexity.®® Cell-type-specific adaptations are also observed in
the VTA following chronic morphine exposure and withdrawal. GABAergic neurons in the
rostromedial tegmental nucleus remain inhibited by opioids both in a drug-naive state and in
withdrawal, but only during withdrawal does their inactivation fail to induce DA neuron activity.®
This loss of disinhibition co-occurs with reduced inter-VTA glutamatergic transmission, suggesting
that the circuit has adapted to decrease the probability of DA neuron firing with or without opioids
on board. Other neuropeptides also contribute to withdrawal phenotypes. For example,
prodynorphin (pdyn) expressing serotonergic neurons in the dorsal raphe were found to mediate
sociability deficits during abstinence by blocking 5-HT release in the NAc medial shell via KORs.%
Just as opioid reward involves diverse brain regions, neurotransmitters, and circuits, so must the
adaptations that occur over the course of chronic drug use and drug abstinence. However, if a single
neuronal subtype had to be nominated as the most critical known node in protracted withdrawal
circuitry, the D1R expressing MSNs of the NAc core and shell would make a reasonable choice.
Comprehensive characterization of the transcriptional heterogeneity of these neurons will be a focus

of Chapter 3, section IV.
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Withdrawal-induced neural plasticity potentiates episodes of relapse:

In humans with opioid use disorder, periods of drug abstinence and protracted withdrawal
are often followed by episodes of relapse. In the lab, “relapse-like” drug seeking behaviors can be
induced after rodent opioid self-administration by restoring drug access, or even simply re-
presenting a drug-paired cue. Whether true incubation of craving (defined as the development and
potentiation of drug craving with increasing duration of abstinence®) occurs during opioid
abstinence in humans is up for debate, with most clinical studies reporting a steady decrease in drug
craving with increasing length of drug-free periods,* despite some evidence for opioid-induced
incubation of craving in rats.® It is unclear whether this difference stems from an undetlying
alteration in neurobiology between rodents and humans, or instead reflects the much more limited
environmental landscape and range of activities available to most laboratory rats and mice (if there is
little opportunity for naturalistic behavior, can anything replace or blunt the pleasure of opioid
reward?) Using an electric barrier, experimenters compared chosen abstinence with forced
abstinence, and found that incubation of craving was substantially stronger in animals who
voluntarily ceased drug-secking due to painful consequences.*’ This finding emphasizes the vital
importance of choice in drug-seeking and drug-taking when utilizing animal models. Although it is
of course impossible to fully recapitulate human psychology in rats or mice, to come to a thorough
understanding of a disorder that results from voluntary choice to consume a substance, that choice
must be preserved in the selected animal model. Investigation of neural mechanisms of simple
opioid exposure has provided a strong foundational understanding of early responses to opioid
treatment, which is vital to the studies conducted here, but cannot fully illuminate the circuits that

initiate and maintain maladaptive opioid use. However, incorporating choice into these studies does
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raise the possibility that each rat will choose slightly differently, which can complicate rigorous

statistical comparison between groups. This dilemma will be addressed in Chapter One.

Given that p-opioid tolerance is pronounced in VIT'A DA circuits, it is likely that
downstream reward and motivation hubs are more relevant for initiating and modulating the vigor
of “relapse” behaviors. For example, glutamatergic drive to the NAc, particularly from mPFC, is
thought to play an outsize role in determining reactivity to drug-related cues and environmental
contexts. fMRI studies in humans repeatedly highlight the importance of mPFC in distinguishing
people with OUD from healthy controls, with observations of disrupted default mode networks and
decreased mPFC functional connectivity*?, dIPFC loss of gray matter*®, and reduced functional
connectivity between PFC, OFC, and ACC.* These alterations are not as simple as sole loss of
mPFC function in all opioid-experienced individuals: for example, a study conducted following
heroin relapse found relapsed men had increased connectivity in dorsal ACC and dmPFC, but lower
connectivity in dl and dmPFC than non-relapsed men.** A “hypofrontality” theoty of addiction
posits that loss of normal mPFC top-down control of behavior prevents individuals with drug use
disorders from effectively self-regulating and maintaining abstinence, especially when faced with
cues or environments that worsen drug cravings. Whether these individuals were also more likely
than the general population to be impulsive prior to drug use remains unclear: in humans, evidence
for this is very limited, and impulsive traits in rats are not associated with future heroin self-
administration.*® Decreases in activation in frontal brain regions in substance users have been
associated with decreased D2R levels and DA release, supporting a potential link between striatal
dysfunction and loss of coordinated prefrontal activity.*” Concerningly, patients who underwent
treatment with naltrexone during a brain imaging study showed decreased mPFC cortical thickness,

with those who reported the most attenuation in drug cravings showing the greatest loss of
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thickness.*® These macro-structural side effects indicate that antagonizing the opioid system brain-
wide, while effective in treating drug cravings, may also induce long-lasting alterations to circuits
crucial for cognition, self-regulation, and general functioning. In one cell-type-specific investigation,
authors identified hypoactive aPVT MOR-expressing neurons in heroin-experienced mice, along
with loss of PVT synaptic innervation of NAc PV interneurons.*® Notably, stimulation of the low-
activity PVT population was sufficient to block reinstatement for heroin, introducing a possibility of
restoration of behavioral inhibition via targeted recruitment of specific neural ensembles. Although
excitation or inhibition of molecularly defined populations of neurons remains out of reach as a
therapeutic tool in humans at this time, if we can better elucidate the intracellular mechanisms and
signaling cascades which initiate and maintain the long-lasting neuroadaptations of addiction, we
may find new druggable substrates that can be targeted to alleviate OUD symptoms and support

drug abstinence.
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Schematic 1: (Very) simplified diagram depicting relevant circuits mediating acute opioid reward,
plasticity in which is thought to reinforce future opioid-taking behaviors. NAc MSNs integrate
dopaminergic, glutamatergic, and opioid (exogenous + endogenous) input, acting as a central node

in this addiction circuit.
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Section III: Molecular drivers of exogenous opioid-induced neuroplasticity
G protein coupled receptor-induced neuromodulation after acute opioid treatment:

Upon first administration, opioids facilitate enhanced VT'A DA output to the NAc. There,
DA induces the G; signaling cascade in D1R MSNSs, characterized by an increase in the second
messenger cAMP and subsequent recruitment of protein kinase A (PKA) and cAMP-response
element binding protein (CREB).*® This signaling cascade can shift the D1 MSNs into a pro-
excitatory state, which persists over a long timescale (minutes to hours.) The contribution of
receptor desensitization and recycling via beta-arrestin to D1R signaling dynamics in varying DA
concentrations is currently understudied, with limited characterization of D1R-beta arrestin binding
to date, with or without drug exposure. Tolerance and desensitization is thought to be more
physiologically relevant for exogenous opioid signaling at the MOR, with synthetic opioids inducing
MOR phosphortylation and recycling much more rapidly than morphine and heroin.®® However, the
consequence of this pharmacological difference between agonists on reward and aversion circuitry
(especially after repeated cycles of drug use) is also not particularly well understood. Cell-type-
specific attenuation of GPCR-mediated signaling may also play a role in defining DA’s capacity to
excite MSNs: for example, the G-protein regulator Rgs9 is highly expressed in striatum, but its
expression levels are differentially modulated after acute or chronic morphine exposure (increased
after acute, but decreased after chronic.)®® Complicating matters further, subsets both D1 and D2
MSNss express MOR and thus would be expected to shift to a pro-inhibitory state in the presence of
exogenous opioids (assuming low levels of drug tolerance.) How these diverse G-protein coupled
signaling cascades interact over short and long timescales of drug use is not well characterized, in the
NAc or in other regions that simultaneously receive VI'A DA input and express the MOR (one

notable example being mPFC.)
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D1 and D2 MSNs differ not only in the flavor of dopamine receptor that they express,
(except for the ~10% that co-express D1R and D2R) but also in the endogenous opioid peptides
that they produce. Proenkephalin (Penk), a p-opioid agonist, is specific to D2 MSNs, while
preprodynorphin is specific for D1 MSNs. When determining cell type from expression data, these
peptides are generally more predictive of a given MSN’s identity than their D1 or D2 expression
levels, although not every putative MSN constitutively expresses them at high levels. Regions
downstream of the NAc tend to express either or both of the MOR and KOR. Endogenous opioids
can bind to multiple types of opioid receptors, but enkephalin is traditionally considered the
archetypal MOR endogenous agonist, as is dynorphin for KOR. VT'A KORs in particular are
thought to play an crucial role in regulating neural responses to stress and aversive stimuli, as their
activation by dynorphin potently inhibits DA neuron activity.®® As previously discussed, the VP
expresses MOR abundantly and is innervated densely by D2 Penk expressing MSNs. Here,
exogenous opioids may transiently replace downregulated enkephalin release in VP, which would be
expected to follow DA-induced inhibition in D2 MSNs. In the absence of exogenous opioids,
tolerance in VP MOR-expressing neurons could blunt their ability to effectively sense and respond
to endogenous opioids, contributing to anhedonia. Penk gene variants have been implicated in

GWAS studies as associated with opioid dependence®*°

, implying that variation in baseline levels of
endogenous opioids may modify one’s risk of developing OUD. Otherwise, the peptide remains

relatively unexplored in opioid addiction compared to its counterpart, dynorphin.
Transcriptional cascades associated with opioid use and withdrawal:

CREB is a robust transcriptional activator which can initiate the expression of both
immediate eatly genes (IEGs), such as cFOS and Homer1, and neuropeptides (for D1 MSNss,
)56

dynorphin.)*® cAMP/CREB induction does not occut exclusively with acute opioid administration:
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precipitated withdrawal also is associated with elevated CREB in NAc and extended amygdala.®’
Canonically, genes designated as IEGs are expressed at very low levels until a cell becomes activated,
after which their expression exponentially increases and peaks within one or two hours before
returning to baseline levels.®® Due to this tight temporal regulation, expression of IEGs (patticulatly
cFOS, encoded by the Fos gene) has historically been used to identify subsets of drug-responsive
neurons across the brain. Some IEGs are associated with more specific and coordinated synaptic
adaptations: for example, Arc is trafficked to the synapse and strongly associated with induction of
plasticity.®® In certain cell types, chronic drug treatment can trigger induction of Fosb, which is
spliced into AFosb, a protein unique among IEGs for resisting degradation and accumulating over
extremely long intervals®® (unlike its close relative, cFOS/Fos.) Comparison of AFosb induction in
animals who underwent a variety of pharmacologic and behavioral interventions found that five days
of morphine treatment induced AFosb expression in both D1 and D2 MSNs across the NAc core
and shell.®’ The behavioral phenotype of AFosb overexpression in Pdyn/Substance P expressing D1
MSN s includes increased reward-related behavior after cocaine or opioid exposure and increased
baseline locomotion.®® This combination of effects makes it difficult to firmly ascertain whether
AFosb is truly a specific “addiction circuit” splice variant, or if it instead promotes more general
striatal hyperexcitability and thus enhances reward and locomotion in a stimuli-agnostic manner. The
wide generalizability of AFosb induction across many types of drug exposures led to its proposal as a
hypothetical “common molecular pathway” for addiction,®® but since it can also be induced robustly
by enriched environment or sucrose administration, it seems more reasonable to view it as a
common pathway for striatal neuroplasticity (which certainly includes addiction.) Early proposed
mechanisms for AFosb sensitization of drug responses include recruitment of GluR2 to reduce

AMPA currents® and inhibition of dynorphin expression®, in contrast to the enhancement of
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dynorphin expression observed in CREB’s signaling cascade. Traditional gene knockout experiments
cannot easily target AFosb without also compromising Fosb function, which is required for normal
mouse behavior and reproduction (Fosb KO mice fail to nurture their young, which is not a helpful
trait in a laboratory mouse strain.)® As long as it remains impossible to remove AFosb from
addiction circuits specifically, its unique mechanistic role in long-term synaptic adaptations will
remain difficult to experimentally address. However, mapping of AFosb positive and negative
neurons during protracted withdrawal may provide insight upon which MSN subtypes display

prolonged dysregulation after voluntary opioid escalation.

A subset of IEGs induced by drug exposure are notable for their specific roles in modulating
synaptic strength. One widely studied reinforcer of robust synapses is brain-derived neurotrophic
factor (BDNF), direct application of which was sufficient to rescue chronic-morphine induced
dendritic atrophy in VT'A DA neurons.®® Much of our knowledge of synapse-altering IEGs such as
BDNEF and Arc comes from the learning and memory field, where their roles in inducing long term
potentiation and depression in hippocampal circuits have been thoroughly delineated. Compared to
the quotidian experiences that the brain is usually tasked with encoding, the “memory” of
pleasurable drug use can be exceptionally vivid and long-lasting, especially for a drug-naive nervous
system. Removing this memory is no simple task, as exposure to drug-related cues can rapidly recruit
addiction circuitry even in patients who are many years removed from periods of drug use. fMRI-
based comparison of cue-reactivity between individuals with heroin use disorder and healthy
controls revealed significant increases in the nucleus accumbens, with vmPFC activity correlating
directly with drug craving.®’ To broaden our understanding of where the memory of drug use is
stored, we conducted a large scale whole brain cFOS experiment, using iDISCO whole-brain

clearing, cFOS immunohistochemistry, and light sheet imaging in rats with varying levels of heroin
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self-administration, with and without cue re-exposure prior to collection. Then, to investigate the
molecular pathways disrupted during protracted withdrawal, we performed snRNAseq in three brain
regions: prelimbic cortex, nucleus accumbens, and ventral pallidum. These experiments were made
possible by a highly effective and valuable collaboration between three labs, each equipped with
experts in rat self-administration behavior (Ferguson), whole brain light sheet imaging (Golden), and
single nuclei RNA sequencing (Stuber). The following chapters will describe methods, analysis, and
results obtained from each experiment, as well as ongoing follow-up and validation experiments.
The overall goal of these studies was to develop a multimodal “atlas of opioid addiction,” which we
hope will serve as a resource for scientists working to better understand opioid use disorder and

other psychiatric conditions.
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Chapter One: Modeling opioid use disorder in mice and rats
Section I: What makes a rodent “high risk” for addiction?

Rodents, like humans, are not equally susceptible to maladaptive or escalated opioid use. As
is the case with many other psychiatric conditions, genetic predispositions likely play a role in
determining who is most susceptible to OUD. Twin studies suggest that up to 50% of opioid
addiction risk could be hereditary, and genome-wide association studies (GWAS) have identified

several “alleles of small effect”, most notably variants in Oprm1.%®

Recent work has applied this
technology to outbred rats, identifying several variants in microglial and neuroplasticity-related genes
that were associated with vulnerability to heroin use.®® Certain rat strains have previously been
observed to display differing drug self-administration patterns, for example, naturally occurring
genetic variation leading to loss of function in Gr#2 is associated with escalated alcohol intake in
Wistar rats.”® A “genetics-dominant” view of OUD may relieve some of the burden of responsibility
placed on patients for their opioid use, and could lead to the identification of new therapeutic targets
by illuminating relevant risk genes. However, genetic risk far from ensures a phenotype of drug use,
and many patients with OUD have no family history of psychiatric disorders. To evaluate the
spectrum of opioid intake in genetically homogenous C57B6/] mice, we adapted a system originally
designed for delivery of oral oxycodone in the home cage.”" Instead of oxycodone, we utilized
pharmaceutical-grade fentanyl at a starting dose of 10 pg/mlL. Both regular water and fentanyl-
containing water were provided to each mouse, rendering any opioid consumption entirely

voluntary, and interactions with both bottles were tracked via a lickometer.
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Figure 1: C57B6/] mice display divergent opioid-taking behavior in a new model of chronic oral
fentanyl self-administration. (A) Average volume intake from fentanyl-containing bottle (10 ng/mL)
during baseline phase, split by sex. (B) Distribution of preference between all mice, total n = 30. (C)
Volume consumed from fentanyl-containing bottle on day five of self-administration, split by
preference category. One-way ANOVA, p = 0.0011. Tukey’s multiple comparison test: prefer
fentanyl vs. prefer water p = 0.0007. (D) Representative lickometer trace depicting interactions with

fentanyl-containing (red) and water bottles (blue.) Grey section represents inactive period (lights-on.)
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Despite their homogenous genetic background, each cohort that was run during this pilot
study (total n = 30) rapidly divided into three groups. Intake on day five of self-administration
(Figure 1, panel C) was highly predictive of future preference group assignment. The first group
drank almost exclusively from the water bottle, with very few interactions recorded by the
lickometer at the fentanyl-containing bottle. The position of the two solutions was counterbalanced
between mice, and all fentanyl-drinking mice consumed liquid from both bottles, suggesting that
these water-preferring mice found the fentanyl solution aversive, and purposefully avoided it. Once
this behavior was established, it did not change. One reason for utilizing fentanyl instead of
oxycodone its increased potency, allowing for concentrations in the pg/uL range instead of the
mg/mL range, and hopefully decreasing the number of mice that will avoid the solution because of
taste alone. However, because the water-preferring mice had such limited interactions with the
fentanyl bottle, it seems more likely that taste informed their aversion than the physiological effects

of the drug.

On the other end of the spectrum, fentanyl-preferring mice rapidly developed a strong bias
to the fentanyl-containing bottle. Instead of consuming exclusively from the fentanyl bottle (as did
the water-preferring mice), these mice displayed a pronounced “loading” pattern of intake, with
many interactions with the fentanyl bottle towards the beginning of the dark cycle, followed by more
balanced consumption from both bottles (representative lickometer trace shown in Figure 1, panel
D.) As a result, these mice consumed more total liquid per day than mice in the water-preferring
group (~4.5 mL vs ~3 mL.) One surprising finding from this experiment was that even mice with a
strong fentanyl preference seemed to max out around 4-4.5 mL of fentanyl-containing water per
day, instead of continuing to escalate intake as is often observed in IV self-administration models.
To test whether mice would self-administer higher doses, after four weeks of stable intake the dose

of fentanyl-containing water was increased by 10 ug/mlL a week, up to a maximum of 50 pg/mL.
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This further subdivided fentanyl-preferring mice into two subgroups: dose-escalators and non-
escalators. Escalators maintained stable drinking behavior at higher doses (n = 3), while non-
escalators abruptly stopped drinking when the dose was increased beyond 10 pg/mlL. Since
escalators tended to display more stable and polarized drinking behavior than non-escalators, we
hypothesized that some degree of opioid tolerance may be required to allow for escalation of oral
fentanyl intake without aversive side effects. Over weeks of self-administration, escalators also
developed a sensitized behavioral phenotype, with excessive chewing of the bottles and lickometer
apparatus, rapid locomotion with frequently “popcorning” (abrupt vertical jumps), and a vertical tail

position resembling Straub tail (a canonical behavioral response to acute opioid intoxication.)”

A third group, with strong female predominance (n = 8 females, 1 male), were labeled as
non-preferers because they consumed similar volumes of fentanyl-containing water and
unadulterated water on average. Unlike water and fentanyl preferring mice, who showed very stable
drinking behavior at the 10 pg/mlL dose, these mice generally maintained a preferred bottle for a few
days to a week, then switched. In most cases, this began with a switch from a slight fentanyl
preference to a slight water preference. One possible explanation for this pattern of mouse behavior
is one of early opioid aversion and/or attenuation of reward: subsets of these mice consumed readily
from the fentanyl bottle for limited periods, but unlike the fentanyl-preferring mice who reached a
plateau of self-administration and stayed there, they decreased their consumption and switched to
favor the water bottle. Importantly, even with very long admin periods (cohorts ran continuously for
8+ weeks), non-preferers maintained low to moderate fentanyl consumption, but always remained
clearly separated from the fentanyl-preferring group. Viewing all three groups through the lens of
addiction risk, non-preferers (rather than water-preferers, who had little to no opioid exposure and
thus remain in an unknown risk group) likely represent a “low-risk” population, as they display what

looks like self-regulation behavior at certain thresholds of fentanyl exposure. Whether their
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voluntary opioid exposure was driven by reward or simply by chance was not assessed by this
limited pilot study. In contrast, fentanyl-preferring mice represent at least “moderate-risk,” with
escalators surely in the “high-risk” category. These mice voluntarily consumed enough fentanyl to
produce signs of physiological dependance, with further sensitization of their behavior and
potentiation of fentanyl-drinking when drug access was removed. We hypothesize that acute or

chronic stress would further alter each mouse’s risk of displaying the escalating intake phenotype.

The diversity of voluntary opioid-intake behaviors we observed in these genetically
homogenous male and female mice strongly suggests that non-genetic or epigenetic factors (early life
stress, socialization, and likely many more) are equally if not more important in determining a
rodent’s total risk level for maladaptive opioid use. Many studies have previously examined
individual risk for opioid addiction as a function of various traits, mostly in outbred rats. One
obvious candidate is sensitivity to opioid effects, with analgesia being relatively easier to measure
than hedonic reward. Rats that were initially less sensitive to the anti-nociceptive effects of
morphine wetre more likely to display high levels of morphine self-administration’®, suggesting that
some level of resistance to acute physiological drug effects (rather than heightened sensitivity) can
result in increased opioid intake. Human fMRI studies have found a relationship between baseline
reward circuit activity and opioid analgesia’, demonstrating that enhanced susceptibility to anti-
nociceptive opioid effects is highly likely to be coupled with increased engagement of the VTA and
its downstream targets. Taken together, these findings are somewhat non-intuitive, as they imply
that lower levels of initial engagement of reward circuitry by opioids is a “high-risk” trait. This also
highlights one of the limitations of using operant behaviors alone as a readout for addiction risk:
does more lever presses necessarily mean more addiction? Modern behavioral neuroscientists have
addressed this problem by turning towards “addiction phenotypes,” using additional metrics and

novel statistical tools to more comprehensively characterize each animal’s behavior.
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Do rodents that move more (or more quickly) also move rapidly toward escalated drug
intake? Surprisingly, locomotor activity in a novel environment was non-predictive of future
morphine SA in Sprague-Dawley rats’®, but highly predictive of morphine SA in four other strains.”®
Complicating interpretation of these findings are the combination of two potential risk factors in the
novel environment locomotion assay. Baseline locomotive vigor is known to differ among outbred
rats and may reflect underlying differences in striatal circuitry, whereas exploration is more related to
“sensation seeking,” or the degree of drive each animal demonstrates for novel environments and
experiences. In humans, measures of sensation seeking have been reported as predictive of drug use,
and siblings with a drug use history were more likely to display similar degrees of seeking compared
to non-drug using siblings.”” This may not be universal across all OUD presentations, with
prescription opioid users scoring lower on measures of sensation seeking but higher on
impulsivity.”® Both a rat that self-administers heroin and sits motionless, and a rat that does not
administer heroin, but instead tirelessly explore its environment could be accurately characterized as
sensation seeking. To address current limitations in our ability to identify and classify specific rat
traits based on behavioral profiles, Section IV of this chapter will focus on novel methods for
machine-learning based classification of rat behaviors during first opioid exposure, escalation, and

withdrawal.

When animals are first exposed to opioids, only the immediate drug effects likely play a
significant role in shaping their behavior. However, once they have experienced drug withdrawal,
this new “memory” can alter behavior during future drug exposures. Rats that displayed lower
motivation for rewards (measured by intracranial self-stimulation, or ICSS) during opioid withdrawal
after experimenter-administered morphine injection displayed lower addiction-like behavior during

subsequent morphine self-administration.”® However, both the lack of a self-admin pre-test (instead
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substituting noncontingent injections) and potential neuroplasticity induced by ICSS itself
complicate evaluation of a causal relationship between severity of protracted withdrawal symptoms
and future self-administration rates. Rats bred for low saccharin preference display increased ICSS
during morphine withdrawal®, and fail to develop a conditioned place aversion to opioid
withdrawal®', but again it is unclear whether this represents a true phenotype of high risk for opioid
addiction, or rather is expected in rats with baseline relative anhedonia. These studies present a key
question: is relative indifference to reward protective against opioid use, or can it worsen addiction
by potentiating the negative effects of withdrawal? The answer is likely both, depending on an

individual’s specific level of addiction risk and prior history of opioid exposure.
Section II: General behavioral methods

The rat heroin IV self-administration paradigm utilized in this dissertation work was
pioneered by UW Neuroscience graduate student Tim O’Neal, in the lab of Susan Ferguson. He
found that long-access heroin SA reliably stratified rats into two risk groups, with addiction-related
behavioral effects observed after chemogenetic modulation of specific MSN subpopulations in high-
risk, but not low-risk rats.®? This work provided two crucial jumping-off points for these studies:
first, it demonstrated the feasibility of generating enough high and low addiction risk rats within
each cohort to make comparisons, and second, it strongly supported a hypothesis of distinct neural

mechanisms driving behavior within each addiction risk group.

Technical support for Med Associates boxes and their programmatic control was provided
by Scott Ng-Evans. All catheter surgeries were expertly performed by the Ferguson lab’s staff
scientist, Nailyam Nasirova. Behavioral and surgical procedures were in accordance with National
Institutes of Health (NIH) guidelines and approved by UW’s Institutional Animal Care and Use

Committee (IACUC.)
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Subjects: Outbred male and female Sprague-Dawley rats, run in cohorts of 20 rats at a time (10
male, 10 female.) Rats were pair-housed in a housing room with a reversed 12 hr dark/12 hr light

cycle, with all behavioral sessions occurring during the dark cycle.

Drugs: Heroin (diacetylmorphine HCI) was obtained through the National Institute of Drug
Abuse’s Drug Supply Program and diluted to a stock concentration of 5 mg/mlL in sterile saline
(0.9% NaCl.) Individualized heroin solutions were prepared for each subject based on their body

weight for a final heroin dose of 0.075 mg/kg/infusion.

Catheter surgeries: Animals were anesthetized with isoflurane and catheters were introduced to the
right jugular vein, exiting through a port midway between the shoulder blades. Metal caps were used
to prevent debris from entering the catheter. All catheters were flushed daily with 0.2 mL of
gentamicin sulfate, dissolved in sterile saline. Prior to starting self-administration, catheters were
tested for patency using 0.2 mL of 10 mg/mL methohexital sodium, with ataxic behavioral

responses within 5s of administration required before proceeding to self-administration.

Operant IV heroin self-administration: Med Associates rat operant chambers were utilized for all
sessions. Each box contains two levers (each with a paired cue-light), a food-tray, and a light bulb
(“house light.”) Rats were each provided with one Nylabone to reduce the risk of opioid-induced
self-injury behaviors. A syringe pump provided all heroin infusions via plastic tubing, which was

attached to each rat’s catheter before each session, and covered with a metal protective sheath.

Training: Initial cohorts (including all cFOS and RNAseq animals, n = 56) underwent five days of
training, which consisted of a single drug available (DA) period 60 minutes in length. During DA
periods, the house-light was turned off, and both levers were extended. Either the right or the left
lever, counterbalanced between boxes, is designated as the “active” lever. When the active lever is

pressed, the cue light was illuminated for 2.8s, during which the rat would receive a 50 uLL heroin
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infusion. Additional presses during the 2.8s are recorded, but do not result in additional infusions:
these are designated as “excess” presses in downstream analysis. The food tray is unused throughout
all sessions, but food tray head entries are logged by Med Associates software and utilized as a
measure of off-target exploratory activity. Training sessions were capped at a maximum of 10
infusions, reaching this cutoff resulted in retraction of both levers. Later cohorts underwent 3-5 days
of a modified training paradigm, which included three 45-minute drug available periods (drug
periods), each followed by a 15-minute drug-unavailable period (nodrug periods.) Infusions were
capped at a maximum of 10 per drug period: if rats reached 10 infusions before 45 minutes had
elapsed, the program immediately proceeded to the next nodrug period. If the cap was reached
during the 3* drug petiod, the training session would end at that point. The goal of this change was
to reduce the number of rats with low heroin exposure (<3 infusions) during the training sessions.
Sufficient heroin exposure during training is important to ensure that low addiction risk rats display

failure to choose to administer heroin, rather than failure to learn that heroin is available to them.

Intermittent self-administration: Following the training period, rats proceeded to ten days of long-access
intermittent self-administration (IntSA.) These sessions consisted of 12 five-minute drug periods,
each followed by a 25-minute nodrug period. Drug periods were as described above, while nodrug
periods were distinguished by the house-light coming on. During nodrug segments, levers remain
extended, but cue lights and infusions are no longer triggered by active lever presses, which are

recorded as a readout of drug seeking.

Progressive ratio sessions: These sessions consisted of a single drug period with a progressive ratio (PR)
schedule of reinforcement. Initial PR sessions used this schedule: (5, 10, 20, 45, 65, 85, 115, 145,

165, 185, 215, 245), with later cohorts adding an infusion after one press, otherwise keeping the
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same pattern. If 30 minutes elapsed without a response, or if six hours passed in total, the session

was terminated.

Exctinction: After completing the PR test, animals underwent 8-10 days of extinction, consisting of at
least 60 minutes in the self-admin apparatus with the house-light off and no reinforcers (no cue

light, no drug delivery.)

Reinstatement test: Following the extinction phase, a subset of rats was noncontingently re-exposed to
the cue light for four seconds. Subsequent active lever presses over 60 minutes would trigger the

2.8s cue light again, but no drug infusions were delivered.

Section III: Risk stratification: latent profile and principal component-based analyses of addiction

metrics in rat IV heroin self-administration

To generate and test hypotheses about addiction risk, it is necessary to first define the groups
that will be compared. When studying acute drug exposure, this is straightforward: the control group
receives a sham injection of saline, and the experimental group receives the drug. Additional
experimental groups may receive different concentrations of drug, or multiple doses of the drug
over various time periods. To address the issue of tolerance, chronic noncontingent opioid studies
can employ fixed escalating doses, which can more rapidly induce drug dependance and withdrawal
upon drug cessation. Induction of tolerance creates complications when attempting to compare
acute and chronic exposures: does the chronically opioid-exposed brain reflect the last dose, or the
whole history of doses? (Of course, the answer must be both, but disentangling one from the other
is not simple.) This issue can lead to confounds when attempting to make comparisons between rats
with varying SA histories. One option to control for drug history alone is the use of yoked controls,
where a control rat receives a noncontingent infusion whenever its paired experimental rat

voluntarily earns one. However, the seemingly random nature of these infusions (from the
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perspective of the yoked rat) would likely engage distinct and unique circuitry, especially for rats
yoked to high addiction risk rats. Thus, we would likely need to classify the yoked controls as a
separate experimental group, rendering their relative importance as a point of statistical comparison
for the high addiction risk rats unclear. In an ideal world, we would have additional groups of yoked
controls as well as saline-only controls, but given the limited number of behavior boxes, we have
chosen to proceed with full cohorts of 20 experimental rats (10M, 10F.) This enables us to maximize
the number of rats who are classified as high or low risk and include equal numbers of both sexes in

each study.

IV self-administration has enormous value in recapitulating key features of human drug use,
but there are myriad factors that can complicate its reliability: catheters can lose patency, equipment
can break down, and animals can become disrupted by factors unknown to the experimenter. Given
this inherent variability, especially over long paradigms, we hypothesized that an addiction risk
profile that comprehensively spans multiple metrics collected over a sustained period would be more
robust to stochastic variations in rat behavior than any single metric alone. These metrics can then
be combined to form a profile, facilitating classification of rats into discrete addiction risk groups for

classification. Two methods for establishing and cross-validating risk profiles are discussed below.
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Figure 2: Latent profile analysis of addiction-related metrics reveals two distinct heroin-taking
phenotypes. (A) IV heroin self-administration paradigm. (B) Self-administration block structure and
addiction metrics. Each SA session consists of 12 drug-available periods and 11 drug-unavailable
periods. (C) Addiction metrics over ten days of SA, n = 56 rats. (D) PR and extinction active presses
over one PR session and eight days of extinction, n = 56 rats. (E) Root mean square error for each
metric and all metrics combined. Data points reflect 10X bootstrapping of linear model with a 80%
train 20% test data partition. Kruskal-Wallis test p < 0.0001, seeking vs. foodtray p = 0.0038,
foodtray vs. ext p = 0.0235, foodtray vs. all p < 0.0001, PR vs all p = 0.0002. (F) Distribution of
infusions across drug periods. (G) Correlation of addiction metrics, heatmap depicts Pearson r
values where p < 0.05. (H) Biplot after PCA on addiction metrics. (I) Broad categories of behavioral
syllables detected during training/SA, and during PR/extinction, n = 9 rats. (J) Syllables with
significant variation in frequency during PR and extinction, as a function of specific addiction

metrics. (K-O) Addiction metrics split by addiction risk group.
Generalized linear model (GLM) based analysis of addiction metric predictivity:

Med Associates software produces output files for each behavioral session, which contain
text-based lists of events and timestamps. We developed an R-based pipeline for extracting these
events, resulting in counts for the following values: active lever presses, inactive lever presses, food
tray head entries, and infusions. We hypothesized that burst-like repeated pressing of the lever
during the 2.8s infusion period might help distinguish more-addicted rats from less-addicted ones.
To derive these “excess” lever presses, the number of active lever presses during drug periods was
subtracted from the number of infusions. Nodrug period active lever presses were relabeled as
“seeking.” Initially, we did not plan to analyze food tray head entries, as there are no reinforcers in

the food tray. However, after pre-processing of all behavioral output files was complete, it became
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apparent that there was an unexpected degree of individual-to-individual variation in this behavior.
It also seemed potentially useful to include a metric that was unrelated to drug-seeking, especially
before we had access to a method for video recording the rats during their sessions. Both “excess”
presses and “foodtray” are new metrics that were not analyzed prior to this dissertation work (at

least in our hands.)

To investigate whether initial proclivity to self-administer heroin was predictive of future
administration, we utilized linear regression to test whether maximum infusion count during training
(number between 0 and 10) was predictive of average infusion across the ten days of SA. No
significant linear relationship was found (p = 0.5340), suggesting that the factors that drive initial
heroin SA may diverge from those that maintain and/or escalate SA throughout the paradigm.
Based on this result, training maximum was dropped out of the addiction profile for each rat, which
then consisted of mean infusion count (infusions), mean excess presses (excess), mean active presses
during nodrug periods (seeking), mean food tray head entries (foodtray), active lever presses during
PR session (PR), and mean active lever presses during extinction sessions (ext). We hypothesized
that the remaining addiction metrics were likely to be correlated with one another. Statistical testing
revealed that all metrics except foodtray (correlated with no other metric) and PR (correlated only
with infusions, seeking, and extinction) had significant positive correlations (Figure 2G.) Of all the
metrics, we selected mean infusion count as a proxy for the “ground truth” of each rat’s addiction
state, as all other metrics (progressive ratio responding, extinction responding, etc.) are not
necessarily required for the rat to be validly designated as displaying a heroin addiction-like

behavioral phenotype.

Using an 80% train 20% test partition, we trained a linear model to predict mean infusion

from each metric separately, and from all the metrics together (Figure 2E.) After repeating this
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process ten times, RMSE for each model was compared using one-way ANOVA. As expected,
foodtray was the least predictive of mean infusion count. Utilizing all metrics was the most
significant improvement over foodtray, followed by seeking alone, then extinction alone.
Interestingly, testing two or three metrics at a time failed to produce improvements over a single
metric: significant gains in predictivity were only observed when all metrics were combined. It is
likely that a larger population of rats is required to definitively rank the contributions of each metric

when predicting mean infusions.

train index <- createDataPartition(data$Mean infusion, p = 0.8, list = FALSE)
train data <- dataltrain index, ]
test data <- datal[-train index, ]

model <- train(Mean infusion ~ Excess, data = train data, method = "1m",
trControl = trainControl (method = "cv", number = 5))

predictions <- predict (model, newdata = test data)

results <- data.frame(Actual = test data$Mean infusion,

Predicted = predictions)

rmse <- sqgrt(mean((results$Actual - results$Predicted)”2))

summary$SExcess [i] <- rmse

Formula 1: Example code for data partitioning and testing predictivity of excess presses.
Latent profile analysis facilitates classification of each rat as high or low addiction risk:

Mean infusion count is normally distributed (D’Agostino and Pearson test, K2 = 2.375.)
Since most of the values fall somewhere in the middle of the distribution, setting a high/low cutoff
using mean infusion alone would likely be accurate for rats at the highest and lowest end of the
spectrum, but relatively arbitrary for those towards the center. Prior work integrated other addiction
metrics by z-scoring each metric within each cohort, then summing the z-scores for a final
“addiction risk score.”® However, this approach renders all metrics equal and cannot account for
the observed differences in both intra-metric correlation and ground truth predictivity. Interpreting
and assigning relative value to each metric as an experimenter is also not straightforward: for

example, increased responding during extinction sessions could be viewed as indicative of increased
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drug craving, or it could simply connote a failure to learn that the reward has been unpaired from
the lever press. To develop an unbiased method for classifying rats as high or low risk, we turned to
latent profile analysis (LPA), a statistical method that was originally developed for use in large
human studies measuring multiple continuous variables. LPA utilizes a Gaussian mixture model to
provide class designations for each subject, based on an experimenter-selected number of classes.®
Users are encouraged to try multiple iterations with varying class numbers, and select an appropriate
number of classes based on the entropy value computed (higher values of entropy are more desired,

>=(.8.) Higher entropy values tend to reflect lower levels of overlap across variables.

Working from the same comprehensive dataset of n = 56 rats, we used the tidyLPA R
package to test varying numbers of classes. Two, three, and four classes each produced an entropy
value > 0.8 (0.824-0.912.) Selecting two classes produced clear separation in the mean infusion
variable, which has previously been established as most representative of addiction ground truth.
This was paralleled by a high-low split with various degrees of noise in the other metrics, with PR
active lever presses showing the most variability between high and low, and foodtray showing an
inverse pattern (low risk rats trended towards more head entries.) Increasing the number of classes
to four revealed new subclasses that were previously hidden: a high PR subclass (Figure 3B, blue)
and a high foodtray subclass (Figure 3B, red.) Class four appeared to represent the lowest of the low
heroin takers, and class three failed to distinguish itself across any metric. Throughout this
dissertation, the two-class model is generally utilized when making comparisons or for visualization
purposes (metrics split by class are shown in Figure 2, panels K-O.) However, the subgroups that
were revealed with an increasing number of classes will be revisited and investigated when
statistically feasible. Although limitations in number of subjects led us to select a two-class high/low

classification system in most cases, entropy values for three and four classes improved over the two-
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class model, suggesting that addiction risk in rats is more of a spectrum than a binary “evidence of

addiction risk” vs. “no apparent risk” dichotomy.
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Figure 3: LPA-derived classifications of subjects with two (A) or four (B) classes selected. Entropy

value is 0.824 for two classes and 0.912 for four.

Principal component analysis to further characterize the spectrum of addiction-related
behaviors: Principal component analysis (PCA) is a widely used tool for dimensionality reduction of
large and complex datasets. It facilitates identification of “principal components”, or combinations
of variables explaining percentages of the variance in the dataset, which are then ranked in numerical
order based on the relative share of the variance that they explain. When selecting principal
components for use in downstream analysis, it is generally recommended to choose PCs
cumulatively explaining at least 80% of the variance in the dataset. Beyond 80%, the utility of

additional PCs is often minimal, but an argument can be made for including them when analyzing
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extremely large and complex datasets. Performing PCA on the addiction metrics for each rat
resulted in the identification of six PCs. PC1 explained 53.73% of the variance and separated the rats
via combinations of addiction metrics, with the largest contributions from extinction (0.233), mean
infusion (0.219), and seeking (0.220). PC2 explained 16.3% of the variance and was primarily defined
by food tray head entries (0.868), while PC3 explained 15.12% and was defined by excess (0.458)
and PR (0.291). Taken together, both LPA and PCA demonstrate that binary separation of rats into
high/low classifications is best accomplished with mean infusions, mean extinction presses, and
seeking. High/low binary classifications made via class assignment (LPA) or directionality in PC1
(PCA) are neatly identical, with only 1/56 rats showing a mismatch between the two (LPA
designates this rat as high, but its PC1 score is -0.116, trending towards the low rats.) Due to this
broad cross-validity, we can simultaneously utilize LPA for classification and PCA for visualization
and downstream quantification of changes in addiction risk state, which will become necessary in
Chapter Four. Additionally, both methods also make apparent two subgroups of rarer behavioral
phenotypes: high foodtray (Figure 3B, class 1), low foodtray (Figure 4A, bottom left quadrant), and
high PR and excess (Figure 3B class 2, figure 4A top right quadrant.) These subgroups generated
two new hypotheses: first, that increasing propensity for exploratory behavior during intSA sessions
is associated with decreased addiction risk, and second, that measures of increased motivation for
heroin (PR and excess) are only significantly increased in “ultra-high” addiction risk rats, not in the

general population. If true, this may be accompanied by distinct adaptations to reward circuitry.
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Biplot depicting loadings (purple) and PC scores (green) for each subject. (B) Relative proportion of
variance explained by each PC. (C) Distribution of infusions across drug periods for subjects in low

“L” or high “H” addiction risk groups, separated by day of SA.

Section IV: Unsupervised machine learning approaches to capture a spectrum of naturalistic and

opioid-induced behaviors during self-administration

Relatively little information is available to describe the effects of acute and chronic opioid
self-administration on spontaneous rat behaviors (beyond locomotion.) To address this gap, we

installed cameras into ten behavioral boxes and recorded male and female rats throughout all stages
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of self-administration. To facilitate discovery of novel behavioral patterns, we chose to prioritize
development of an unsupervised, machine-learning based behavioral analysis pipeline consisting of
three stages: pose estimation and tracking, identification of stereotyped transition points of
behaviors or “syllables,” and downstream analysis of frequency, duration, and mean velocity of each

syllable.

Pose estimation and tracking with SLEAP: Social LEAP Estimates Animal Poses (SLEAP)
enables machine-learning based animal tracking via either top-down or bottom-up neural network
based approaches.® SLEAP was optimized to allow accurate tracking of multiple animals in a single
tield of view, but also has single-animal tracking capability. We chose to proceed with SLEAP for
pose estimation largely due to the sizeable quantity of input data to be tracked, as we found it to be
the most efficient option for rapid training and testing of pose estimation models. Initial models
utilized a complex skeleton and were limited by slow tracking speeds and low accuracy of keypoints
(skeleton nodes.) After dropping out forelimbs and hindlimbs from the skeleton (which are
frequently invisible in our top-down recordings), accuracy and speed in tracking dramatically

increased, likely due to increased confidence in predictions for the remaining nodes.

Once a satisfactory model was trained, we next needed a high-throughput system for
behavioral tracking. All sessions were recorded at 30 FPS, including 5h35 min daily SA sessions.
Fully tracking each session created a bottleneck, as tracking time with the most accurate model took
approximately 1.6x the video duration (~8.8 hrs to track one SA session.) The end goal of this
project was to create an “in-the-loop” analysis pipeline, where behavior could be analyzed in real
time after each session and used to generate a prediction regarding addiction risk. Thus, to assess
which segments of SA sessions would be highest yield to include, we classified each infusion event

recorded across all past cohorts by the DA period that it occurred in, based on the event’s
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timestamp (Figure 4C.) This analysis revealed that the highest-activity DA period for infusions was
the first period, as expected, and that all other periods were statistically equivalent. After splitting
rats by LPA class (low or high) and separating each day of SA, a stepwise trend of escalation in sum
infusions became apparent in the high-risk rats, with a faint suggestion of a similar trend during days
8-10 in low-risk rats. Based on these observations, no strong argument could be made for the
inclusion of any specific DA segment except DA1. We considered using a randomly selected second
segment for each day, or using DA12, which would allow for maximal recovery from escalated DA1
heroin infusions, but for now have chosen to proceed with the first 30 minutes of each training, SA,

PR, and extinction sessions. For SA days, this included DA1 (5 minutes) and DU1 (25 minutes.)

Identification of common behavioral syllables with Keypoint-MoSeq: Successful tracking
results in a matrix of predicted skeleton node positions, or keypoints (neck/catheter, nose, left ear,
right ear, and tailstart/centerpoint of rat rear), for each frame in each video. Although substantial
effort has and is being placed on training accurate tracking models, for now the reality is that these
datasets will always be vulnerable to error, especially in sub-optimal recording environments (which
surely includes our behavioral apparatus.) Keypoint-MoSeq is a powerful tool for analyzing pose
estimation data to make predictions about “syllables”, or transitions from one behavioral state to
another, while correcting for “jitter”, or stochastic deviations of keypoints while the mouse is still
due to tracking error.® This process begins with PCA-based analysis of keypoints, then is followed
by iterative identification of syllables over a behaviorally relevant timescale. The length of time
required for running MoSeq is dependent on the number of input prediction matrices: syllable
identification based on four days of training and ten days of IntSA took approximately ~45 hours
on a specialized analysis computer. To make statistical comparisons between animals, they must
share a common syllable framework, making the choice of input data for syllable discovery quite an

important one. Given that quality of syllables seems to improve with greater volumes of input data,
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we chose to run all training and IntSA sessions through MoSeq together to obtain a “drug-on” set of
syllables, then did the same for all PR and extinction sessions to detect “drug-off” syllables. We
considered whether PR sessions should be instead grouped with IntSA, as animals can receive
multiple infusions during PR if they are highly motivated, but qualitative assessment of high-

addiction risk rat behavior during these sessions was more similar to early extinction than to late SA.

Each identified syllable was given a short label summarizing the common denominator of
behavioral activity observed during representative videos generated by the MoSeq pipeline. For most
syllables, clear patterns of rat movement were apparent: for example, syllables labeled “turn”
connote a sudden change in head angle. “Investigate” was used to describe syllables in which the rat
was actively moving throughout the enclosure, while “sniff” was more specific for a small, isolated
head movement. Rats were very often initiating or emerging from grooming behaviors during
syllables, which can look identical to sniffing the environment from the perspective of keypoints
alone. As a result, a few syllables received the label “mixed” because the rats were performing a
similar movement, but in diverse behavioral contexts (some sniffing, some grooming, some
exploring.) Syllables were broadly classified into four categories: neutral (including turns and mixed
syllables), self-directed (grooming, sniffing close to body), environment-directed (investigation,
rearing, outward head movements), and movement (high-amplitude or abrupt movement, ex.

running, jumping.)
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Figure 5: Machine-learning based keypoint analysis of behavioral syllables enables tracking of

intSA-associated behaviors across days, with a distinct behavioral phenotype of high-addiction risk

rats emerging primarily during drug-free sessions. (A, C) Qualitative classifications of each detected

syllable duting training/intSA (A) and PR/ext (C). (B, D) GLM coefficients from discovered

significant relationships between syllable frequency, SA day, or behavioral metric.

Downstream analysis of keypoint and syllable data:

Two sets of syllables were produced from this cohort, the first based on training data from

training day 1 to day 10 of intermittent SA (intSA syllables) and the second based on training data

from the PR sessions and days 1-3 of extinction (post-SA syllables.) Whereas intSA syllables were
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evenly distributed across the four categories (Figure 5A), post-SA syllables were biased towards self-
directed and environment-directed behaviors (Fig 5C). First, we used a GLM to test relationships
between syllable frequency/duration, day of SA, and addiction risk metric for a pre-selected

subgroup of int SA syllables.
syllable frequency/duration ~ day + excess + foodtray + PR + ext + mean inf

Formula 2: GLM for evaluating relationships between behavioral syllables, time, and addiction

metrics for each animal.

This revealed a strong effect of day on most syllables tested, with investigative and self-
directed behaviors becoming more frequent, and running and abrupt movements becoming less
frequent (Figure 5B.) Longer running bouts during SA corresponded with higher PR and extinction
responding, suggesting that animals that are hyperlocomotive during SA are more motivated for
drug and more resilient against extinction. Post-SA syllables showed many more significant
relationships with addiction metrics, but these relationships were more nuanced than expected
(Figure 5D.) Rats with more excess presses (potentially the most addicted), showed much higher
frequency of syllables 0 and 1, both self-directed syllables involving sniffing close to body. They also
downregulated the environment-directed syllable 3 (investigating while moving about) and

movement syllable 6 (rear/spin.)

Additionally, we used Moseq’s built-in statistical model to test differences in frequency of
each syllable between the four PCA-based behavioral groups: low investigative (low addiction
metrics, high foodtray), low non-investigative (low addiction metrics, low foodtray), and high non-
investigative (high addiction metrics, low foodtray.) High investigative animals were present in this
cohort but were not represented amongst animals with cameras and will be assessed in later cohorts.

Testing for differences in frequency in intSA syllables across all groups and all days resulted in no
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significant changes, however, high rats tended to upregulate usage and transitions of syllables 8 and
9 (move2 and run, both “movement” syllables.) Given that these syllables became less frequent over
days of SA, they may represent a hint of a hyperlocomotive high-risk phenotype, which later
becomes blunted as the rats engage in SA and receive opioid rewards. Unsurprisingly, high addiction
risk rats showed many differences in syllable frequency during PR and early extinction (Figure 6C).
However, when comparing all three PCA groups present in this cohort, the observed alteration in
high rat behavior looks less like a unique signature of addiction and more like a class switch between
two different locomotor phenotypes. During SA, rats display homogenous behavior on the syllable
level, with investigative rats identifying themselves only through rates of foodtray head entry. Since
MoSeq is blind to everything in the behavioral apparatus except the rat itself, this is not surprising.
In the post-SA period, separate behavioral profiles become appreciable, with the behavior of high-
risk rats closely tracking along with the LN (low non-investigative) rats. As far as we can tell, these
rats are characterized by relative behavioral arrest compared to their LI (low investigative)

counterparts.

Section V. Summary

Leveraging cutting-edge machine learning behavioral tools, we have successfully tracked rat
pose throughout the self-administration paradigm and generated two distinct lists of behavioral
transitions associated with self-administration and eatly withdrawal. As most of our studies focus on
the late withdrawal timepoint, we plan to analyze these sessions in the future but were stymied with
this cohort by late technical difficulties. In the future, we plan to utilize these tools to observe
differences in rat behavior before and after genetic intervention onto addiction circuits, one example
of which is described below in Chapter Four. We also hope to implement drug-free recordings prior

to the start of self-administration, as it would be helpful to get a baseline for each rat. This may
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provide context for determining whete future high-tisk rats lie on the locomotion/investigation

spectrum.

Despite these limitations, several observations from this work have provided actionable
information about low and high-risk rats. First, we noted a subtle signature of hyperlocomotion in
future high-risk rats, which fades as the rats become habituated to the behavioral apparatus and
begin escalating their heroin intake. In early withdrawal, this pattern reverses, and high-risk rats
engage in more self-directed behaviors, only distinguishing themselves from LN rats by a uniformly
increased mean velocity across most syllables. Another remaining question is whether either LI or
LN rats are more likely to represent a moderate risk level (that may engage in escalated heroin-taking

after some insult): this topic will also be revisited in Chapter Four.
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Chapter Two: Whole-brain activity profiling of high and low risk rats after protracted opioid

withdrawal and reinstatement

Section I: Experimental design and hypotheses

The goal of this experiment was to assess whether high and low addiction risk rats differ in
baseline and or cue-evoked neuronal activity, measured via whole-brain cFOS
immunohistochemistry (IHC), after heroin IV self-administration and withdrawal. n = 18 male and
female rats underwent heroin intSA as previously described, with a subset (n = 16) also undergoing a
cue-induced reinstatement session at the end of the extinction period. This session occurred ~1 hr
prior to paraformaldehyde perfusion and tissue collection, while all other rats were collected 1-2
days following their last extinction session. An additional group of four home-cage controls (2M,
2F) was added to facilitate normalization of cFOS to a drug-naive baseline. cFOS IHC and whole-
brain clearing was performed by the Golden lab utilizing iDISCO®®, which resulted in neat-total

tissue clarity and excellent signal:noise ratios in immunolabeling (Figure 7B.)

Since all animals were collected at a timepoint that is likely to correspond with protracted
withdrawal symptoms (if they engaged in heroin SA), the non-reinstatement groups are labeled as
high risk, withdrawal and low risk, withdrawal. High and low risk designations correspond to their
LPA class assignments using a two-class model. It is important to stress that withdrawal severity is
expected to differ between these two groups: as such, we hypothesized that high addiction risk rats
were likely to display elevated cFOS in regions previously associated with negative affect in
withdrawal, including amygdala, NAc, PVT, lateral habenula (LHD), and insular cortex. Groups that
underwent cue-induced reinstatement are labeled high addiction risk, reinstatement, and low
addiction risk, reinstatement. For these animals, we expected specific re-engagement of reward and

motivation related circuitry, possibly to include VT'A, NAc, and mPFC. That said, one major
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rationale for this experiment was the opportunity to uncover new brain regions that were not
previously known to play a role in mediating or driving symptoms of protracted withdrawal from
opioids. When collecting and analyzing large and complex datasets like these, the potential for
spurious findings can be high if not appropriately addressed at every step possible. Thus, to
successfully analyze this dataset, we first needed to conceptualize and validate new methods with
which we could rigorously test whether animal-to-animal fluctuations in cFOS in novel brain regions

are related to their addiction risk status (rather than representing random noise.)

Section II: Computation methods for alighment and segmentation of volumetric rat whole brain

imaging data

Registration of volumetric images to the rat brain atlas with ClearMap: For alignment of light
sheet images to a rat reference atlas, we utilized the Waxholm Space Atlas, an MRI-based volumetric
rat brain atlas,?” in conjunction with ClearMap®®, a Python-based software platform for alignment
and segmentation of whole-brain clearing data. No established framework previously existed for
specific alignment of whole-brain data in rat. We substituted the mouse atlas for the rat atlas in
ClearMap and adjusted parameters accordingly to maximize alignment accuracy. A hierarchal label
file defining parent and leaf nodes for each brain region annotated in the Waxholm Space Atlas was
provided to us directly by the team at e BRAINSs, which was used to label each segmented neuron
within each ROI delineated by the atlas. During alignment, a small subset of brains was noted to
have mild to moderate areas of deformation or damage. Since these areas were always restricted to
one hemisphere, damaged hemispheres were noted and excluded from further analysis. For brains
with two undamaged hemispheres, one hemisphere was selected for analysis, counterbalanced
between sex, addiction risk status, and experimental group. Non-selected hemispheres were never

analyzed.
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Machine-learning based segmentation of cFOS+ neurons with the Ilastik pixel classifier:
ClearMap has a built-in cell segmentation algorithm, but results obtained by this method were highly
variable between animals. We hypothesized that this variability was due to variation in signal:noise
ratio between animals, which can occur both due to differences in cFOS density and in background,
nonspecific antibody binding. To definitively address this issue, we trained a pixel classifier to count
cFOS+ neurons using Ilastik®®, which uses a machine-learning based framework to rapidly classify
pixels as either belonging to cells or to background. The pixel classifier was trained on images
randomly selected from standardized z-ranges, with the goal of ensuring that all brain regions would
be accurately segmented. All animals, including control animals, were included while training and
testing the classifier (using the same number of images from each animal to avoid over or under-
representation in the training pool.) The training process was deemed complete once the classifier
had been tested on all animals and was able to accurately segment cFOS+ neurons in sparse and
dense conditions alike, while reliably excluding artifacts. Extremely dense cFOS signal was likely
undercounted, as it became impossible to train the classifier to capture clusters of cFOS+ neurons

without clear borders without also allowing it to overcount elsewhere.

Alignment and segmentation were performed using two high-performance computational
resources: UW’s Hyak and PSU’s Bridges system, made available via an NSF Access grant. Once
alignhment and segmentation were complete, each brain region within each subject was then z-scored
to the mean of the home cage control group. All downstream analysis was completed using these z-

scores (Figure 6C.)
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Figure 6: Alterations in whole-brain activity state as a function of addiction risk behaviors in
protracted heroin withdrawal. (A) Experimental design and analysis pipeline. (B) Representative
images of whole-brain clearing/cFOS IHC from high and low addiction risk rats. (C) Brain-wide z
scores within each experimental group. 1-way ANOVA p = 0.0013. (D) Generalized linear model
coefficients from regions with significant correlations between cFOS z scores and addiction risk
metrics. (E-F) Uncorrected correlations between infusions and cFOS z scores in the nucleus
accumbens shell (E) and ventral pallidum (F.) (G-H) Selected regions (NAc core, G, lateral
habenula, H) with significant differences after 2-way ANOVA with multiple comparisons. NAcC
HR, W vs. HR, CR p = 0.0078. NAcC LR, CR vs. HR, CR p = 0.0458. LHb HR, W vs HR, CR p =

<0.0001. LHb LR, CR vs. HR, CR p =0.00006.

Section III: A generalized linear model facilitates statistical testing for relationships between

addiction risk metrics and brain-region-specific induction of cFOS

The first step in downstream analysis of this data required choosing a level in the rat atlas
hierarchy. Immediately, it became clear that this was not a simple task, as some regions were highly
parcellated (dozens of subregions for thalamus) and others were not parcellated at all (instead of
basolateral and central amygdala, we have only “amygdaloid area unspecified.”) Due to the lack of
consistency in which regions received multiple leaf nodes, we decided to proceed at an
experimenter-selected atlas level containing 58 regions with no overlap, spanning from the olfactory

bulb to the cerebellum.

Next, we performed a 1-way ANOVA between all experimental groups with multiple
comparisons. As expected, this indicated significant differences between all groups (p = 0.0013.)
Out of all possible multiple comparisons, three were significant: HR vs LR in reinstatement (p =

0.0114), HR reinstatement vs HR withdrawal (p = 0.0132), and HR reinstatement vs LR withdrawal
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(p = 0.0022.) These findings illustrated a few crucial points: first, high addiction risk rats display
increased brain-wide cFOS compared to LR rats, but only following re-exposure to the drug related
cue stimulus. Within addiction risk group, only high-risk rats displayed a stepwise increase in cFOS
after reinstatement. Additionally, the HR reinstatement group encapsulated the most polarized
average cFOS z scores in most brain regions (Figure 6C.) As we had hypothesized that protracted
withdrawal would be associated with activity in specific regions, not brain-wide cFOS induction, it
was not surprising that HR and LR rats failed to differentiate themselves in the withdrawal
condition. In summary, reinstatement is associated with increased cFOS, but only in high addiction
risk rats. This nicely validated the previous findings from the Ferguson lab and supports the
hypothesis that high addiction risk rats have distinct and long-lasting engagement of motivational

circuitry.

But which specific regions are most important in driving these between group brain-wide
differences in cFOS? To address this, we utilized a 2-way ANOVA to compare cFOS z-scores
within each brain region. This test revealed a relatively short list of regions with significant
differences between groups, including retrosplenial cortex, caudate/putamen, nucleus accumbens
core (Fig 6G), lateral habenula (Fig 6H), dorsal thalamus, and hypothalamus. Hypothalamus was
patticularly notable for being the only region with a high/low difference in the withdrawal condition.
Visual evaluation of the spread of the data points within each region quickly made it apparent why
so few regions displayed between-group differences: cFOS z-scores from high and low rats in every
brain region analyzed rarely separated in a binary pattern: instead, they looked much more like a
spectrum. As we learned in Chapter One, although it is possible to validly divide each experimental
group of rats using a two-class model, a multi-class model fits better and more completely reflects
the wide behavioral variability found within those groups. For advice on how best to proceed, we
reached out to the Witten group at UW, who have previously collaborated with the Stuber lab on
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several challenging statistical dilemmas. Statistics grad student Ethan Ancell recommended a
generalized linear model for testing relationships between addiction risk metrics and cFOS z-scores.

After some adaptation, the final model we utilized was as follows:

cFOS z score ~ sex + condition + behavioral metric

Formula 3: Generalized linear model setup. Condition was specified as E (extinction, or protracted
withdrawal timepoint alone) or R (protracted withdrawal + cue-induced reinstatement.) Behavioral

metrics were tested individually due to high levels of correlation between most metrics.

This approach assigned each region for each animal a coefficient and a p-value. After
filtering for p-values < 0.05, we compared the scale and directionality of coefficients (Figure 7D.)

Significant regions for each metric are listed below:

Infusions: Motor cortex, caudate putamen, NAc shell, VP, basal forebrain, hypothalamus, and

interpeduncular nucleus

Seeking: Medial habenula, hypothalamus

Excess: VP, subthalamic nucleus, peripeduncular nucleus

Foodtray: Medial habenula, pineal gland

PR: Subiculum, CA1, dorsal-caudal midline group of the dorsal thalamus, ventral nuclei of the dorsal
thalamus, lateral posterior nuclei of the dorsal thalamus, laterodorsal nuclei of the dorsal thalamus,

periaqueductal gray

Exctinction: NAc shell, ventral pallidum, peripeduncular nucleus

The first pattern we noted was the specific engagement of canonical reward and motivation

circuitry with increasing infusions (NAc shell, VP, basal forebrain, hypothalamus) and extinction
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responding (NAc shell, VP.) The conservation of NAc shell and VP as related to both infusion
history and extinction responding could represent specific recruitment of the indirect D2 MSN-
dominated striatal-pallidal pathway in high-risk rats. Cue-induced reinstatement responding was also
tested in the model and surprisingly was only significantly correlated with paw somatosensory and
motor cortex. Although this provides striking face validity for the use of cFOS as a proxy for neural
activity (as cFOS in those regions rose significantly with increasing recent history of lever presses),
the lack of any other correlated regions indicates that increased responding during reinstatement is
not necessarily indicative of increased engagement of addiction-related circuits. Conversely, it is
possible that these circuits (particularly mPFC) become inhibited during this “uncontrolled”
responding, which we are not powered to detect with cFOS: we will specifically address this

question in Chapter Three.

Due to the lack of significant relationships between increasing reinstatement responding and
cFOS, we chose to pool withdrawal and reinstatement rats but kept condition as a variable in the
GLM. This allowed us to correct for any small effect of reinstatement outside what was previously
noted in somatosensory and motor cortex, while increasing our statistical power to assess
relationships with the other addiction metrics. Even after doing so, some motor regions still came
out as significantly related to increasing infusions, which likely reflects the increased motor activity
of HR rats during reinstatement. Another surprise uncovered by the model was the appearance of
medial habenula and its projection target, the interpeduncular nucleus, as significantly correlated
with infusions and off-target activity (foodtray). This circuit has been highly studied in the context of
nicotine use disorder, as the IPN is highly enriched in nicotinic receptors and receives cholinergic
input from the MHb.* IPN cFOS is increased after anxiety-provoking environments, and silencing
IPN-Drd3 neurons that receive MHb-Substance P inputs reduces anxiety behaviors in mice.®’

Additional validation is needed to determine whether this circuit may become dysregulated during
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protracted withdrawal from opioids. In Chapter Two, we found that rats with increased exploration
or investigative activity (i.e. foodtray head entries) were more likely to be low-risk, suggesting a

potential protective role for the MHb-IPN circuit against escalation of heroin intake.

Progressive ratio responding was associated with a unique signature of regions, including
multiple groups of dorsal thalamic subregions. The four-group LPA model selects high-PR
responding animals as their own group, separating themselves via their high motivation for heroin.
They also tend to score highly on the other metrics, making a strong case for designation of these
rats as the “most addicted.” CA1 and subiculum are nodes in the hippocampal tripartite circuit,
which aids in recruitment of cortical and subcortical areas to support learning and memory. This
circuit, along with PVT, may be providing enhanced glutamatergic input to the NAc in these
potentially super-high risk rats. Periaqueductal gray (PAG) is notable for its high native expression
of the p-opioid receptor, and has been previously well-characterized for its role in top-down pain
processing®, but the specific mechanistic connection between PAG p-opioid agonism and pain
regulation has not been fully eludicated.*® Out of all the regions with a significant cFOS z score
correlation, only PAG fits the criteria for a “negative affect” or “pain” related, which we had
hypothesized would make up the majority of regions with elevated cFOS in protracted withdrawal.
An additional group collected during acute withdrawal would have been a helpful comparator to
ascertain whether lack of cFOS in amygdala, insula, and LHb was related to true lack of physical

withdrawal symptoms at this late timepoint.
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Figure 7: High addiction risk rats are uniquely characterized by loss of correlated cFOS z-scores in
frontal and parahippocampal brain regions. (A-C) Significant (p < 0.05) r scores for each brain
region in low risk and high-risk rats in withdrawal (A, B) and high-risk rats after cue-induced
reinstatement (C). (D) Hierarchal clustering on significant r values in high-risk rats. Colored lines
highlight conserved positions between withdrawal and reinstatement groups. (E) Network
constructed from correlations in high addiction risk group, withdrawal. (FF) Brain regions ranked by
synchrony score (# of correlated brain regions in low addiction risk, withdrawal - # of correlated

brain regions in high addiction risk, withdrawal.)
Section I'V: Network analysis reveals loss of correlated cFOS z-scores in high addiction risk rats

To assess brain-wide coordination of neuronal activity in each condition, we tested for
significant within-group correlations in cFOS z-score in each brain region. In low addiction risk
animals, these correlations were generally positive (r > 1) and were most concentrated between
cortical and parahippocampal regions (Figure 7A). Strikingly, these correlations were almost entirely
lost in high addiction risk rats, with only subtle re-engagement of cortical and subcortical regions in
the cue-induced reinstatement group. Hierarchal clustering of high addiction risk rats in the
protracted withdrawal (Figure 7D, left) and cue-induced reinstatement (right) conditions revealed
well-preserved clusters of brain regions with similar brain-wide cFOS correlation profiles. One
cluster, consisting of NAc core, basal forebrain, amygdala, septal region, superior colliculus, PAG,
and the anterior nucleus of the dorsal thalamus, is particularly notable for its enrichment of negative
affect/withdrawal-related brain regions. Although cFOS was not significantly increased in each of
these regions as a function of increasing addiction metrics (just BF and PAG), their similar

correlation profiles suggest that these regions may be involved in a co-regulated withdrawal circuit.
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Specific visualization of connectivity of each node in the high addiction risk, protracted
withdrawal group revealed four regions with zero significant correlations: nucleus of the stria
medullaris, peripeduncular nucleus, cerebellum, and mediofrontal cortex (which contains prelimbic
and infralimbic cortex as lower leaf nodes.) This pronounced loss of correlation between
mediofrontal cortex and the rest of the brain seems to mirror what was observed in human fMRI
studies characterizing “hypofrontality,” or loss of coordinated brain activity in mPFC with prior
history of escalated opioid use. Finally, to rank brain regions based on their relative correlated-ness,
we computed a “synchrony score” for each region by subtracting the number of regions it was
positively correlated with in the high addiction risk group from those it was positively correlated
with in the low addiction risk group. Close to orbitofrontal and mediofrontal cortex in the “medium
synchrony score” category was the VT'A, which like PFC was conspicuously absent from the GLM
output of significant relationships between cFOS z scores and addiction metrics. We cannot directly
detect inhibition with cFOS, but the pronounced loss of correlated cFOS z scores observed in high
synchrony score regions can be inferred to be due to loss of relative activity, suggesting that VT'A
and MfC may enter a net-hypoactive state in high addiction risk rats during protracted withdrawal.
The MHb was one of only a handful of regions with a negative score (gains correlations in high
addiction risk group) despite clustering together with regions with high synchrony scores, again

implying that it may play a unique role in opioid addiction risk.

Section V: Summary

The differences in cFOS signatures quantified here were roughly consistent with our
hypotheses, with several significant exceptions. Considerable evidence supports the idea that high-
risk animals with escalated opioid intake will have distinct neuronal activity profiles, as reviewed in

Chapter One. However, all rats compared in this experiment underwent surgery and weeks of
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operant behavior, during which they all self-administered heroin, rendering them much more similar
than subjects in studies comparing acute drug treatment to a sham injection. Furthermore, all rat
brains were collected for the study during protracted withdrawal, without any opioid drugs on board.
After considering these factors, it seems logical that subtle differences in behavior would result in
only subtle differences in cFOS, which needed to be carefully uncovered via alternative analytical
methods. However, there was one crucial deviation from this pattern: the striking loss of correlated
z-scores in cortical and parahippocampal regions of high-addiction risk rats. Another surprising
result was the failure of the cue-induced reinstatement session to re-engage reward and motivation
circuitry, despite being associated with a broad increase in brain-wide cFOS. This may in part be due
to overall limited responding during these sessions, as some rats robustly reinstated their pressing,
but many were relatively indifferent to the cue stimulus (Figure 2D.) Evidence exists to support a
role for PL inactivation in potentiating cue-induced reinstatement of cocaine seeking, as inhibition
of PL-RMTg projections specifically disrupted cue-induced reinstatement, but not drug-induced
reinstatement.® Thus, after future cue-induced reinstatement tests it may be mote prudent to assess
neuronal inhibition rather than excitation, at least in mPFC. If this experiment were expanded upon
in the future, additional time points during early withdrawal (48-72 hours post last session) and very
late withdrawal (day 14+) would further clarify the trajectory of the alterations we observed (is cFOS
within each region turning on, fading away, or staying consistent as physiological withdrawal

transitions to protracted withdrawal?)

Three brain regions that emerged from this analysis as compelling enough to stand alone
were NAc shell, VP, and mediofrontal cortex. NAc shell and VP showed significant correlations
with both infusions and extinction responding (Figure 6, E-F), while MfC showed a complete loss of
correlation with cFOS z scores in all other brain regions in the high risk, withdrawal condition

(Figure 8E.) To interrogate which neurons become most perturbed in each of these regions, and to
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better understand the local “balance of power” amongst projection neurons, interneurons, and glia
between low and high-risk rats, we went on to perform snRNAseq in NAc, VP, and PL (the MfC
subregion of greatest interest.) Analysis of this data illustrated which neurons may be most crucial in

contributing to a “hypofrontality-like” phenotype.
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Chapter Three: Identifying and comprehensively characterizing opioid-perturbed cell types with

single nuclei RNAseq
Section I: Rationale, experimental design, and hypotheses

The development and gradual technical streamlining of single nuclei RNA sequencing
(snRNAseq) technology over the past ~10 years has massively expanded the ability of
neuroscientists to explore and characterize a wide variety of cell types in the mammalian brain, as
well as to characterize alterations in these cell types following various insults. The Stuber lab was an
early innovator in this field, using single cell RN Aseq technology to characterize subsets of lateral
habenula neurons responsive to shock®, lateral hypothalamus neurons projecting to the VTA and
LHb®, and in collaboration with the Palmiter lab, neurons of the parabrachial nucleus.’” More
recently, this approach has facilitated the discovery of lateral septum GABAergic neurotensin-
expressing neurons as crucial modulators of acute opioid withdrawal symptoms®, and revealed
cross-species conservation of VP cell types.*® Reproducibly identifying cell types in snRNAseq data
has become gradually more straightforward due to the wealth of data available, although
exponentially increasing granularity in cell types can also complicate statistical comparison, creating a
dilemma (should we parcellate cells down into the most homogenous possible groups, limiting our
power to make comparisons across conditions, or should we lump together heterogenous cells,
perhaps diluting biological effects?) It is also important not to over-interpret snRNAseq results.
When sampling nuclei for sequencing instead of capturing whole cells, some degree of error or
“dropout” is inevitable, although computational tools are now available to partially address this

while batch-correcting and normalizing samples for analysis.

By sequencing PL, NAc, and VP, we hoped to capture three critical nodes within the
addiction circuit: top-down inhibitory control over action (PL), integration of sensory information
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and affective states in motivation and learning (NAc), and homeostatic regulation of action and
pleasure (VP). Other regions we considered included VTA and LLHb, which were passed over due to
technical concerns, but may be re-visited in the future. Previous Stuber lab members Yoshiko and
Koichi Hashikawa had collected a pilot multiomic LHb snRNAseq/ATACseq dataset in mice after
motphine escalation +/- withdrawal, which we utilized to develop, test, and refine the basic

snRNAseq analysis pipeline for these experiments.

Technical and cost-related considerations required us to pool at least two rat samples
together for each single-nuclei isolation and sequencing run. Due to this limitation, we selected only
the highest-high (n = 5) and the lowest-low (n = 6) rats for inclusion in the study. Rats were pooled
into two technical replicates per addiction risk group and region: high A and B, and low A and B. All

rats were collected at the protracted withdrawal timepoint, 1-2 days after their 8" extinction session.

In prelimbic cortex, we hypothesized that interneurons and pyramidal neurons would display
differential levels of perturbation between the two opioid-risk groups, with interneurons more likely
to be altered. One potential explanation for the loss of within-group cFOS correlation (which could
also be summarized as loss of organization in PL activity patterns between subjects) could be
dysfunction of local PL interneurons, leading to disorganization of the normally tightly regulated
mPFC pyramidal neuron activity. In NAc, due to the NAc shell-VP cFOS signature previously
observed, we expected D2 MSNs to be relatively more perturbed than D1 MSNs. For both NAc
and VP, we hypothesized that MOR+ neurons would be more likely to vary in expression of neural
activity-related genes between addiction risk groups when compared to MOR- neurons. Agnostic of
region, an induction of inflammatory or cell-stress related transcriptional responses by glia was
expected. Acute morphine has been noted to cause disproportionate transcriptional glial activation

responses in early snRNAseq studies of responses to acute opioid administration'®, with additional
¥ q >
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reports of morphine withdrawal-induced microglial cytokine signaling in LHb'", and opioid-induced

102

recruitment of peripheral T-cells driving persistent neuroinflammation.'® In humans, white matter

pathologies have occasionally been associated with opioid use, particulatly heroin.'®'% Findings
such as these have been used as supporting evidence for the “substance use as brain disease”
hypothesis, which makes particular note of changes to neurons and glia that resemble those
observed in more “traditional” (i.e. non-psychiatric) CNS disease states. Proponents of this view
emphasize the need for more definitive medical treatments for OUD and other substance use
disorders, rather than simply hoping that any pathology-like changes will reverse if patients achieve
long-term abstinence from drug use. On the other hand, concerns have been raised regarding
characterization of drug-exposed brains as “diseased” or “damaged,” as this designation may lead to
loss of agency in OUD patients, which is not particularly helpful in the current medical and
sociological landscape for patients or physicians. Further unbiased characterization of the molecular,
transcriptional, and circuit-level adaptations in OUD models is needed to provide additional

information about the scale and potential reversibility of any changes found to be associated with

escalated opioid use.
Section II: snRNAseq methods and analysis pipeline

Tissue collection and purification of nuclei: Rats were deeply anesthetized with a terminal dose
of sodium pentobarbital and intracardially perfused with artificial CSF (NMDG buffer, pH 7.35-7.4).
Brains were rapidly extracted and sectioned at 300-400 uM on a vibratome. Bilateral tissue sections
from prelimbic cortex, nucleus accumbens, and ventral pallidum were dissected and flash frozen.
Frozen tissue sections were pooled into four groups (low risk A/B, high risk A/B) and dissociated
in lysis buffer (10 mM Tris-HCl, 10 mM NaCl, 3 mM MgCl,, 0.1% Igepal, 0.2 U/uL. RNAse

inhibitor) using a 2 mL. dounce homogenizer on ice. After filtering and centrifugation (500xg, 10
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minutes, 4C), the nuclear pellet was resuspended in homogenate solution (0.25M sucrose, 25 mM
KCl, 5 mM MgCl,, 20 mM Tris-HCI, 0.2 U/ul. RNase inhibitor, pH 7.8-8) and re-spun in an
OptiPrep gradient solution (50% OptiPrep over 30% OptiPrep, 3000xg, 15 minutes, 4C). Following
centrifugation, the OptiPrep solution was carefully removed, and the nuclear pellet was resuspended
in 100 pLL wash buffer. Nuclei yield and quality was inspected using a fluorescent Apotome
microscope after staining with propidium iodide, and samples were diluted to target 10,000 nuclei

per 10X sequencing reaction (one reaction per group in each region.)

Nuclei preparation, cDNA library prep, and sequencing: We utilized 10X 3” NextGem
technology for all samples. Purified nuclei are loaded into a microfluidic chip, which facilitates
delivery of a unique barcode to each nuclei via a NextGem bead. Barcoded nuclei then undergo
reverse transcription. After additional cDNA amplification, library quality control, and cleanup

steps, cDNA libraries were sequenced using the NovaSeq X Plus platform (Novogene) to a depth of

750 million paired reads.

Alignment of reads to the rat reference atlas: 10X’s CellRanger software was used to build a rat
reference atlas based on the mRatBN7.2 genome assembly, the most up-to-date assembly for Ra#tus
norvegicus."*® FASTQ sequencing files were uploaded to 10X’s Cloud Analysis setvice for genome
alignment, resulting in the generation of matrix files containing counts for each gene for each

individual barcoded nuclei.

Quality control, normalization, and integration: All downstream snRNAseq analysis was
completed using the R package Seurat, version 4.2. Samples were filtered to exclude nuclei with
fewer than 1000 or greater than 40,000 reads, or with greater than 3% of reads from mitochondrial
genes (which is often associated with low quality in snRNAseq.) The SCTransform algorithm was

utilized to normalize each sample prior to and after integration, which we have found to produce
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superior results when compared to log-normalization strategies. This method uses a GLM-based
approach in which sequencing depth for each nuclei is a covariate, improving our ability to make
comparisons between samples that were run separately and likely contain technical vatiation.'” We
utilized percentage of mitochondrial reads as an additional regression variable to further control for
discrepancies in cell quality between samples. Normalization is followed by PCA, which identifies
PCs from the gene expression data for each sample, 20 of which were used to generate a UMAP.
After nearest-neighbor analysis is completed, each cell is classified into a putative cluster. Clustering
resolution can be adjusted upwards or downwards to produce more or fewer clusters respectively,
but we observed satisfactory results with resolution = 0.3 for most samples. Doublets were
identified and removed using the R package DoubletFinder, after which samples were re-
normalized. 11/12 samples had excellent quality control metrics and clear separation of clusters, but
one NAc sample had a large cluster consisting of MSN-like cells of lower quality and unclear cellular
identity. Although these cells passed our stringent QC threshold, we remained concerned about
technical variation in this sample and ultimately chose to fully exclude this cluster from downstream
analysis. Per-sample QC metrics (% of mitochondrial reads, # of reads, and # of genes) for each cell
type are available in the supplement. Samples for each region were integrated together using Seurat’s
SCT-based integration strategy. We also tested integration of all samples but noted that subsequent
normalization steps produced different results when all brain regions were included compared to
individually. For example, .2/3 IT neurons clustered together with MSNs, presumably due to
underlying transcriptional similarity. However, it appeared that normalization with all cell types was
introducing a degree of over-correction, removing biological variation due to missing information
about cell types that would normally provide an intermediate state between, for example, cortical

pyramidal neurons and striatal MSNs. Due to this uncertainty, we decided to use the fully integrated
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Seurat object primarily for visualization, with all DEG and module analysis completed on separate

objects for each region.

Cell type identification: One persistent problem in the single-cell analysis field is the issue of
“double-dipping”, which occurs when sequencing data is used to generate clusters (presumably with
differential gene expression), then cells assigned to different clusters are statistically compared.
Without correction, the p value produced by this test does not account for the initial usage of the
data to generate the groups for comparison. In general, this dissertation work escapes the double-
dipping problem by only making statistical comparisons for differential gene expression discovery
between high and low animals within the same cell type or cluster, instead of between cell type A
and cell type B. However, accurate cell typing is crucial to ensure the validity of these tests, as we
want to maximize the odds that any significant findings are related to experimental variation, rather
than technical drift in clusters or cell types. Luckily, the Allen Brain Institute has made monumental
progress in recent yeats by sequencing and characterizing cell types throughout the mouse brain.'®®
Although our studies have been completed in rats, in most cases we find that the Allen mouse cell
types map well onto the dataset, with relatively few cells left without a clear identity. However, we
have taken additional steps to integrate our data with pre-existing mouse and rat datasets in the same
regions, with the goal of fully characterizing the diversity of cell types within and across species for

each region, rather than automatically adapting the mouse brain labels.

In NAc and VP, we encountered some challenges with the mouse-derived cell type labels
due to relative homogeneity in NAc labeling (the majority of neuron are simply labeled as D1 or D2
MSNs by the Allen MapMyCells algorithm, despite significant transcriptional differences between
them based on clustering patterns) and extreme diversity in VP (often <= 200 neurons per

individual cell type label.) The Allen mouse database provides sub-cell type labels achieved via
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increasing clustering resolution on major cell types, but we preferred to maintain a consistent
position in the cell type hierarchy to avoid experimenter-induced bias in cell typing and to simplify
communication of results. Given recent findings showing cross-species cell type preservation

between mouse and primate in VP, we decided to try the new Allen “consensus” basal ganglia

taxonomy, which is based on single-cell sequencing data from human, macaque, and marmoset.""®

We found that these cell type labels aligned more closely with the clustering patterns observed in our
data in both NAc and VP, and thus subsequently chose to adopt the consensus primate-based cell
types for downstream analysis in striatum and pallidum. PL data continues to utilize mouse brain-
derived cell type labels. When UMAPs of all regions integrated are shown, those labels reflect mouse
cell types. Counts for each cell type in each region and sample are summarized in Supplemental

Figure 1.

Differential gene expression analysis: Within each cell type in each region, differential gene
expression testing was performed between cells from high risk and low risk animals, respectively,
using a Wilcoxon rank sum test. Genes with an adjusted p value of less than 0.05 were classified as
differentially expressed (DEGs.) For each cell type, we calculated a “perturbation score” by
subtracting its DEG ratio (DEGs from cell type/sum DEGs for region) from its cell type ratio
(number of nuclei in that cell type/number of nuclei in the region.) The number of DEGs detected
tends to be roughly proportional to the number of nuclei tested: thus, if a cell type’s share of the
DEGs is greater or less than this expected proportion, it suggests that this cell type is relatively more
of less perturbed compared to other cell types in that region. Perturbation scores for all major cell
types are shown in Figure 8 and will be further discussed in the following sections. To determine
whether specific molecular functions, pathways, and cellular structures were significantly over-
represented in these lists compared to what would be expected by chance, we utilized the R package

Enrichr to query lists of upregulated and downregulated DEGs against three gene ontology (GO)
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databases: Molecular Function, Cellular Component, and Biological Process (2025 versions for all.)
Each GO “hit” is assigned an adjusted p value based on the number of matches, the number of
terms in the GO set, and the number of input genes, providing a readout of which molecular

pathways are most significantly altered between high and low addiction risk rats.

Weighted gene correlation network analysis: As previously discussed in the cFOS section, we
are comparing high and low addiction risk rats who both self-administered heroin, at a protracted
withdrawal timepoint with no drug on board. Consequently, we expect that any “signature” of high
addiction risk would be subtle and cell-type dependent, which aligns with the results we observed
from DEG analysis (to be covered in subsequent sections.) To further characterize the
transcriptional landscape in each region between the two conditions, we need to move beyond DEG
identification and analysis alone. Fortunately, our samples showed remarkable technical consistency:
the cell-type distribution within-region was well-conserved between the four samples for each
region, with no major cell types over or under-represented (Supplementary Figure 1.) This
preservation of cell-type proportion between samples enables us to turn to weighted gene
correlation network analysis (WGCNA) to identify correlated gene sets and test for differential
expression of these sets across conditions. As WGCNA was originally designed for use in bulk
sequencing analysis, we accomplished this using the R package hdWGCNA, which is specialized for

single-cell data.™"’

As a first step, the dataset is parcellated into “metacells” consisting of nuclei with similar
gene expression. From these metacells, correlated gene expression analysis leads to the identification
of co-expression networks, which are then hierarchically clustered to form modules (in a similar
workflow to the network analysis pipeline we developed for whole-brain cFOS in Chapter Two.)

The single cell normalization tool Harmony''? was utilized during this process to provide additional
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between-sample batch correction, maximizing the odds that identified gene modules represent
biological variation. Each module is described by a “module eigengene” (ME), the first PC of the
gene expression matrix for that module. Every gene assigned to a certain module was ranked by a
kME score, providing a measure of how closely aligned that gene’s expression pattern is with the
overall ME for the module. Genes with the highest kME scores for each module were designated as
“hub genes.” Often, hub genes are also DEGs (resembling “master regulators” of both defining
addiction risk status and describing cell-type-wide expression patterns), but not always. To identify
differentially expressed MEs (DMEs), a Wilcoxon rank sum test was used to compare MEs in all
cells derived from high-risk animals with those from low-risk animals, separately for each region.
DMEs were further characterized using gene set enrichment analysis as described above. We found
that most DMEs were specific for one or two cell types. DEG and WGCNA analysis results for

each region will be discussed in detail below.
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Figure 8: snRNAseq of prelimbic cortex, nucleus accumbens, and ventral pallidum of high and low
risk rats uncovers cell-type and region-specific gene expression signatures. (A) Behavioral paradigm
for snRNAseq experiment. (B) UMAP generated from cross-region integrated data, neurons color-
coded by subclass label after mapping to Allen Institute mouse brain atlas. n = 110,095 cells after
QC. (C) Perturbation score (DEG ratio — cell type ratio, DEG ratio = # of cell type DEGs / # of
total DEGs for that region, cell type ratio = # of nuclei of that cell type / total # of nuclei in
sample) for PL (top), NAc (center), and VP (bottom) cell types. (D) Relative expression of Homerl
and Oprm1 in all nuclei, sorted by Allen cell type. (E) # of DEGs for each major cell type within

each region. I': Feature plot depicting normalized expression of Oprm1 across all nuclei.

Section III: Divergence in IT and PT neuron transcriptional state by addiction risk group in

prelimbic cortex
Cell-type specific differences in relative perturbation and gene set enrichment of DEGs:

Prelimbic cortex contains at least three major categories of long-range pyramidal projection neurons:
intratelencephalic (IT) neurons, which project primarily to contralateral cortex and striatum,
corticothalamic (CT) neurons, which project to thalamus and subcortical structures including
VTA™3, and extratelencephalic (ET) neurons, which project to striatum and lower-order structures
including lateral hypothalamus, VTA, and substantia nigra. Of these three, I'T neurons were by far
the most perturbed when comparing DEG ratio between cell types (Figure 8C), L.2/3 > 1.4/5.1.2/3
neurons are thought to be biased towards intra-cortical signaling'™, but relatively little is known
about their function in the mPFC, particularly in the context of opioid addiction. Specific
inactivation of I'T neurons, but not PT neurons, impaired mouse performance on a delayed match to
sample task'"®, demonstrating the importance of these neurons in self-regulation during active

behavior. In motor cortex, 1.2/3 neurons directly innervate L5 projection neurons and alter their
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activity with visual stimuli during movement, suggesting a primarily integrative role in the motor
circuit.""® Chemogenetic inhibition of antetior cingulate cortex I'T neurons reduced the aversive
effects of cocaine, in contrast to PT neuron inhibition, which enhanced the rewarding effects of the
drug.'” If a similar bidirectionality in mediating drug responses applies in PL, it may explain the
divergence in perturbation between I'T and ET neurons at the protracted withdrawal timepoint (with
CT neurons somewhere in the middle.) Rarer pyramidal cell types include .5 NP (near-projecting)
and L6 IT neurons, both of which were comparatively less perturbed than the other cell types found

in layer 5 and 6.

Within the most-perturbed cell type of L.2/3 I'T neurons, the gene with the greatest fold
change between high and low addiction risk rats was the IEG Homer? (Figure 10B.) This gene is
notable for its role in modulating glutamatergic synapses via binding to metabotropic glutamate
receptors,’’® and has been additionally implicated as a regulator of synaptic strength in concert with
NMDAR activation and induction of synapse-associated proteins (i.e. Shank.)"® More recently,
Homer? was implicated as a genetic risk factor for individual differences in regulation of attention,
with lower Homerl levels associated with increased GABA receptors and an enhancement of
inhibitory tone in mPFC."° This pronounced upregulation of Homer! in 1.2/3 IT neurons of high
addiction risk rats was accompanied by upregulated gene set enrichment of Ca** mediated signaling
genes (Figure 10D.) However, the second-most upregulated gene was Plg2, which is associated with
an auto-inflammatory phenotype and cell stress responses in the CNS.™! This gene was non-
specifically increased in high addiction risk rats across almost all cell types with significant DEGs.
Thus, the overall L.2/3 IT transcriptional state in high-risk rats appears to be one of both increased
neuronal activity (Homer!, Ca** response) and cellular stress (Plg2, Ca** response.) Accompanying

the upregulation in Homer! was a more modest ~0.10 log, fold change increase in the metabotropic
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glutamate receptor 5 (mGIluR5, encoded by the G5 gene.) Homerl and mGIuR5 are known to
interact, with increased expression of Homer1 resulting in removal of mGIluR5 from postsynaptic
densities."”” mGIuR5 is G4 coupled, with activation leading to Ca®" release and recruitment of
phospholipase C. Thus, the modest upregulation of mGluR5 may be contributing to the observed

Ca™ response pathway enrichment observed in 1.2/3.

L.4/5 IT neurons, although relatively less perturbed, partially mirror the transcriptional state
observed in L.2/3 I'T, with Homerl and Plg2 consetrved as the highest fold-change DEGs. However,
gene set enrichment analysis on L.4/5 upregulated DEGs revealed a more well-rounded list of
altered functions than 1.2/3, including genes associated with learning, L'TP, and synaptic
transmission in addition to the common Ca*" signaling response observed in both cell types. Specific
genes of note include a 0.175 log, FC upregulation in GrinZ2a, an NMDAR subunit known to play a
role in schizophrenia risk via modulation of mPFC neuronal activity'®*, and a 0.129 log, FC
upregulation in CamkZ2a, supporting a hyperactive phenotype for these neurons. Complicating this
picture somewhat, layer 4/5 neurons also have significant downregulations in IEGs Npas4 (~0.1 log,
FC decrease) and Fosb (0.16 log, FC decrease.) Given that not all IT neurons displayed Homzer1
induction, these bidirectional changes in IEGs may reflect diverging activation states within cell type
(some cells excited, others inhibited.) Also downregulated (0.17 log, FC) was the G-protein
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modulator Rgs4, which acts to modify G; coupled alpha subunits'** and has been implicated as a

schizophrenia risk factor associated with structural alterations in human dIPFC."” The most
obviously relevant Gi-coupled GPCR in PL during opioid withdrawal is Opr1 itself, which displays
cell-type specific expression patterns roughly inverse to Homer! (Figure 8D.) L6 CT neurons are a
significant exception to this rule, showing robust Opr1 expression (Figure 8D) and polarized but

strong Homerl induction (best appreciated in Figure 11E.) Relative to other PL cell types, IT
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neurons display relatively low levels of Opr1 expression (L4/5 >> 1.2/3), which may be
contributing to their apparent hyper-excitability/enhancement in Ca®" signaling in high addiction

risk rats.

Most GABAergic neurons in the dataset were either parvalbumin+ (Pvalb) or somatostatin+
(Sst.) More uncommon interneuron types, including Pvalb chandelier neurons, VIP Gaba neurons,
and Sncg Gaba neurons were also captured, but their numbers were generally too low to facilitate
meaningful high:low comparisons. Among these two major subcategories, Pvalb neurons were more
perturbed than Sst, and displayed upregulation of Homer! (0.18 log, FC, with an additional 10%
increase in the number of Pvalb neurons expressing the gene.) This finding is consistent with recent
observations from the field: for ex., a new mechanistic study of PL circuits in cocaine withdrawal
showed enhancement of GABAergic tone from Pvalb interneurons onto L5 ET neutrons.'® Overall,
the emergence of 1.2/3 IT, L4/5 I'T, and Pvalb neurons as specifically altered in high addiction risk
rats supports a phenotype of dysregulated intra-cortical circuits. This finding is consistent with our
observations from the cFOS experiment, in which there was no dramatic increase or decrease in
total cFOS in mediofrontal cortex, but instead a lack of correlated intra-cortical neural activity as

observed in low-risk rats.

PL glia displayed a split phenotype, with microglia and astrocytes appearing more perturbed
than oligodendrocytes and OPCs. DEGs from both microglia and astrocytes paralleled the Ca**
mediated stress-like response that was observed in neurons. However, aside from this similarity,
there was no clear signature of neuroinflammation in PL. Among glia, microglia were the only
population to uniformly express Oprmz1, but expression levels did not differ between high and low

animals.
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Broad downregulation of correlated gene modules in high addiction risk rats: To further
characterize the gene expression landscape in PL, we turned to WGCNA, which identified eight
modules in PL, all of which showed significant differences between the two addiction risk groups.
Modules are labeled with a color, which we have maintained for visualization purposes. A network
plot depicting the top hub genes for each module is shown in Figure 9B. As colors may be repeated
across regions and have no relationship to the module’s actual gene expression, we have labeled each
module with its most relevant gene ontology term and with cell type showing most enriched
expression of that module. Only one module, expressed primarily in astrocytes, was upregulated
across the dataset in high addiction risk rats, all others were downregulated. Most modules were
specific for one or two cell types, except for the “axonogenesis” module, which was highly
expressed in all glutamatergic neurons except L5 near-projectors (Figure 10C.) As the name implies,
L5 NP neurons are distinguished by their short projection range, perhaps requiring less axonal
maintenance than the other cell types. The hub gene for this module is Ten2, which is known to

play a role in axon guidance, but appears unexplored in studies of PFC specifically.

A “synaptic transmission”-related module best characterized by the hub gene $y#7 was most
enriched in L6 CT neurons. $y#7 downregulation has previously been observed in the PL of alcohol-
dependent rats, and projection specific knockdown of §y#7 in PL-BLA synapses was sufficient to
enhance alcohol drinking."®” Despite the name, CT neurons can project outside the thalamus,
including to the VT'A. Thus, the downregulation of both “axonogenesis” and “synaptic
transmission” related gene modules in these neurons may directly contribute to decreased
glutamatergic drive from the PFC to the VT'A. The consequence of this hypothetical decrease would
depend on the exact projection targets of these neurons, as PFC-VTA afferents can contact DA

neurons and interneurons alike.
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Two modules related to “RNA splicing” wete enriched in L.2/3 IT neurons but displayed
relatively limited gene set enrichment compared to the other modules and thus are thought more
likely to represent lower-quality or less specific gene expression patterns. The remaining three
modules encapsulated and expanded upon the high:low differences already discussed above: a
“synapse organization” module entiched in 1.4/5 IT neurons and two modules related to neural
activity enriched in 1.2/3 I'T neurons, “positive regulation of Map kinase/Jun kinase” and “positive
regulation of transcription.” The hub gene for the “synapse” L4/5 module is Arpp21, a cAMP-
modulated transcriptional regulator implicated in dendritogenesis'®, also not previously
characterized in PFC. The 1.2/3 IT “positive regulator” modules had more familiar hub genes:
Homer? (+ regulation of transcription) and Grz7 (mGluR1 or metabotropic glutamate receptor 1, +
regulation of mapk/junk.) As previously discussed, Homer1 is known to bind mGluRs to modulate

excitability at the postsynaptic density.

How is it possible that upregulated DEGs (ex. HomerT) could also be hub genes for
downregulated gene modules? DEGs emerged from tests within matched cell types, while the
directionality of DMEs depends on their expression throughout the dataset. Aside from Homerl,
IEG expression throughout the dataset in PL not particularly high, especially for L5 ET, L5 NP, and
Pvalb neurons. This finding aligns with what we would expect based on the brain-wide cFOS study,
in which mediofrontal cortex cFOS was not correlated within-group specifically in high-risk rats, but
not significantly decreased or increased in high risk compared to low risk. The loss of correlation
implies a more stochastic dysregulation of PFC activity in high-risk rats, rather than either
widespread activation or inhibition. On a region-level, high-risk rats were found to display broad
downregulation of genes associated with axonogenesis, synaptic transmission, and synaptic
maintenance. However, within cell-type, 1.2/3 and L.4/5 neurons ate disproportionally altered in

high-risk rats, with profound and specific induction of Homer! and mG/uR1/5. Enhancement of this
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pathway is congruous with synaptic weakening in PL, given that high levels of Homer1 can lead to
removal and recycling of mGluRs. These observations led us to question whether high addiction rats

may display widespread neuronal inhibition in PL.
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Figure 9: Summary of prelimbic cortex snRNAseq dataset. (A) UMAP depicting integrated data
from each sample, labeled by Allen cell type. (B) WGCNA network plot. Each module is labeled

with its highest kME hub gene.
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Mapping inhibited neurons throughout PL in high and low risk rats: When neurons become
inhibited, their metabolic activity also declines, leading to accumulation of phosphorylated metabolic
proteins. This phenomenon led to the development and validation of phosphorylated pyruvate
dehydrogenase (pPDH) as a marker of neuronal inhibition, with initial studies demonstrating an
inverse correlation between pPDH levels and action potentials and broad induction of pPDH brain-
wide after isoflurane treatment.’®® We sought to apply this approach to characterize neuronal activity
after heroin self-administration by staining for pPDH with fluorescent immunohistochemistry.
Preliminary data collected in seven rats with varying SA histories demonstrated pPDH
immunolabeling in pyramidal cell bodies of only one subject (the only one of the seven to receive a
“high-risk” LPA label, despite moderate heroin intake in other rats, Figure 10F.) pPDH putative
neuron counts were significantly correlated with progressive ratio responding in PL, but not in NAc
core or shell (Figure 10F.) More complete profiling of rats across the addiction spectrum is needed
to determine whether this indicates true evidence of persistent pyramidal neuron inhibition in mPFC

during protracted withdrawal.
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Figure 10: PL IT neuron transcriptional activation co-occurs with evidence of ET neuron silencing
in high addiction risk rats. (A) Differentially expressed correlated gene modules (each color
represents a different module.) Labels reflect significant gene set enrichment terms for each module,
and the cell type that they are primarily expressed in. (B) Volcano plot depicting DEGs (high
addiction risk vs. low addiction risk) from L.2/3 I'T neurons. (C) Dot plot summarizing expression
of high kME “hub genes” from two correlated gene modules. (D) Odds ratio of selected gene
ontology terms with p_val_adj < 0.05 from gene set enrichment analysis (Enrichr) of upregulated
DEGs for 1.2/3 and 1.4/5 IT neurons. (E) Normalized expression levels of Homer1 throughout PL.
(F) Quantification of pPDH+ pyramidal cell bodies in rats with varying heroin use levels, with
representative images from prelimbic cortex shown on right. No significant colocalization was noted

between cFOS+ and pPDH+ neurons.

Cross-species integration to validate and further characterize mPFC cell type labels: A topic
of considerable debate among behavioral neuroscientists is the extent to which mouse and rat PFC
is homologous to the much larger, much more developed PFC found in primates. Detailed
discussion of the evolution of PFC (and the validity of studying rodent PFC at all) is outside the
scope of this work, however, we were curious to assess the extent of cross-species conservation in
PFC cell types between mouse and rat (especially as we are using mouse cell type labels for
downstream analysis.) To accomplish this, we utilized a publicly available mouse scRINAseq dataset,
which sequenced PFC samples from mice after maintenance cocaine treatment, acute cocaine
withdrawal, and chronic cocaine withdrawal (with corresponding saline groups.)'® Raw data was
processed through our snRNAseq pipeline and integrated together with the rat samples. Evaluating
success or failure of integration is somewhat qualitative: samples that do not integrate will cluster
separately, while samples that integrate well form homogenously intermixed clusters (as was the case

with our rat samples.) The rat-mouse integration was an intermediate case, in which most clusters
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contained both rat and mouse cells, but with readily apparent polarization in their gene expression
patterns (Figure 11A.) Cells positively IDed as neurons were barcoded, subsetted, and re-integrated
to improve our ability to detect variation in neuronal clusters (Figure 11 B, C.) Most Allen cell types
were represented by a single cluster, except for 1.2/3 IT neurons, 1.4/5 IT neurons, and an activated
cluster of unclear identity (“Mixed_Fos”, which was composed primarily of cells from the mouse
saline group, and excluded rat nuclei.) L4/5 neurons were split into a rat-enriched cluster marked by
Rorb and a mouse-entiched cluster marked by E#7. 1.2/3 neurons displayed a similar split, but
instead of rat-entiched, the 1.2/3 G/is3 cluster was only composed of rat neurons. This cluster also
contained the Homer1+ 1.2/3 neurons that likely drove much of the high addiction risk DEG
phenotype in those cells. Low numbers of rat nuclei were found in the mouse 1.2/3 IT cluster,
marked by Lazp5. Discrepancies in numbers of cells per cell type when integrating samples
(especially cross-species) are not usual, and can reflect technical differences (i.e. whole cell vs. single
nuclei collection, varying dissection boundaries, etc.) However, given the low number of distinct cell
types in PL, the lack of any mouse cells in the G/s3 cluster is unusual. If these cells represent a
nonconserved sub-celltype, the results may not generalize back to mice. G/is3 itself is a transcription
factor previously implicated as a schizophrenia risk-conferring gene variant, which has additionally
been shown to be highly expressed in human PFC pyramidal neurons, particularly 1.4."3" Additional
characterization is necessary to determine whether 1.2/3 I'T G/is3+ neurons have functional

properties in common with human PFC G/is3+ neurons.
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Figure 11: Cross-species integration of mouse and rat mPFC snRNAseq datasets. (A) UMAP

depicting integration of rat and mouse data, color-coded by sample type. (B) Categorization of each

cell as either neuron or glia. (C) Re-clustered neurons, labeled with their common denominator likely

identity, determined via Allen labels and upregulated marker genes. (D) Relative proportion of each

cell type and sub-cell type within each sample. R = rat, M = mouse.

88



Section IV: Nucleus accumbens neurons are robustly altered between high and low addiction risk

groups, while ventral pallidal neurons remain quiescent

Consensus basal ganglia framework provides cell type labels for NAc and VP: Principal
neuronal cell types identified in NAc tissue samples included D1 and D2 MSNs, GABAergic
neurons of the extended amygdala/BNST, and Drd1/3-expressing neurons of the olfactory tubercle.
For clarity, D1 and D2 MSNs belonging to the primary cluster for each type are referred to as
canonical. Aside from this main group, three MSN subtypes were also delineated by the consensus
framework. Forming their own separate cluster (with some D1+D2 MSNs interspersed) were dorsal
striatum D2 “StrioMat Hybrid” MSNs, which expressed D2 and a novel marker, Thsd7b. These
neurons appeared transcriptionally distinct from the main D2 MSN population and displayed
minimal high:low differences in gene expression. Intriguingly, they were the only cluster in the
dataset to significantly express a steroid hormone receptor (Pgr, Figure 13). We hoped to assess
enrichment of female-derived neurons in this cluster but found that only a handful of neurons
across the dataset expressed any sex-linked genes (searched for Xis? as well as all annotated Y
chromosome genes), a known limitation of snRNAseq. Next were ventral striatum D1 NUDAP

»)132

(“Neurochemically Unique Domains in the Accumbens and Putamen neurons, which are found

in both NAc and VP samples and display the highest Oprz1 expression level of all NAc cell types
(Figure 13.) Finally, intermixed with the StrioMat and NUDAP subtypes, and with canonical D1 and
D2 MSNs, were D1+D2+ double positive “hybrid” MSNs. These neurons were found uniformly
throughout the canonical D1, D2, and StrioMat clusters, but only the D1+D2+ neurons clustering
near NUDAP neurons were polarized enough to form their own subcluster. This sub-subgroup
expresses Chst9 and receives a Chst9 Gaba mouse-derived label. The apparent transcriptional
heterogeneity of these double-positive neurons complicates statistical comparison and likely

contributes to the low number of high:low DEGs found in this subgroup. To assess whether this

89



cluster displayed a unique transcriptional response in protracted withdrawal, we tested for DEGs
within Chst9 Gaba neurons as their own cluster in both NAc and VP but observed few high:low
differences. GABAergic interneurons, including SST+, cholinergic, and VIP+ neurons were also

present in the NAc dataset, but in very low numbers.

Neurons from ventral pallidum tissue samples were considerably more diverse than those
found in NAc samples. Canonical D1 and D2 MSNs found in these samples are likely to be due to
contamination during dissection, while D1 NUDAP neurons are known to extend from NAc to VP.
The exact anatomic borders of VP are a topic of debate and were historically delineated with
staining for Substance P+ fibers, which we have adopted as criteria for defining VP cell types. The
Allen framework labels putative VP cell types as “SI,” or substantia innominata, which contains and
extends beyond the region labeled “ventral pallidum” in the Paxinos and Watson rat atlas.’® Many
GABAergic cell types with low numbers of neurons were present in the VP samples, most
expressing some combination of SST, Lhx6, and Lhx8. Of these, one consensus cell type (“GPe-
NDB-SI Lhx6-Lhx8-Gbx1 Gaba”) was both a “true” VP cell type and present in sufficient numbers
to facilitate statistical comparison between high and low groups. A medium-sized cluster of
glutamatergic cells are also found within VP and are selectively marked by the S&or7 gene. Thus,
despite VP’s wide diversity, only three Allen consensus cell types from these tissue samples were
present in sufficient numbers to facilitate statistical comparison: D1 NUDAP MSNs, Lhx6-Lhx8-

Gbx1 GABA, and Skor1 Glut.
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Figure 13: Expression of cell type markers and other genes of interest in NAc.

Transcriptional state of NAc neurons varies by addiction risk group and cell type: The most
perturbed cell type in NAc were oligodendrocytes, with immature oligodendrocytes and OPCs
following behind in 3" and 6" (Figure 8C.) Gene set enrichment analysis of oligo DEGs did not
provide a clear picture of the altered molecular pathways, but examination of WCGNA gene
modules revealed two modules with oligodendrocyte-biased expression and upregulation in high-risk
animals. The first module was related to “CNS development”, with hub genes showing very strong
expression in oligodendrocytes and more moderate expression in immature oligodendrocytes (Figure
14A). Myelin basic protein (Mbp), a highly expressed structural component of myelin, was the top
hub gene for this module, suggesting a possible enhancement of local pro-myelination activity in
high addiction risk rats. Increased myelination and Mbp levels in the NAc have been previously
observed after chronic, voluntary EtOH consumption.’ The other upregulated oligodendrocyte
module, “protein/RNA complex assembly,” was less cohesive in its gene set enrichment, possibly
indicative of a cell stress phenotype in the oligodendrocytes of high-risk rats. Together, these
findings suggest that myelination may be enhanced in the NAc of high-risk animals during

protracted withdrawal, but not without some degree of subsequent co-occurring transcriptional
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dysregulation. Increased activity (in neurons and glia) can be associated with metabolic cell stress,
and distinguishing the two from snRNAseq data alone is challenging. In general, we find that large
numbers of DEGs without an overarching functional correlate or theme are often indicators of cell
stress. A true signature of correlated gene expression may be hidden within this list, which is one of
the rationales for our use of dataset-wide WGCNA. Shorter DEG lists with greater molecular
pathway cohesiveness are more likely to reflect healthy cells. However, cell stress alone (especially
considering our stringent QC standards) is not a rationale to discard DEGs or modules, as
characterizing which neurons are more likely to enter a state of metabolic stress during protracted
withdrawal is not without value. One factor that may be contributing to these specific findings is a
relative enrichment of oligodendrocytes in one high NAc sample (Supplemental Figure 1) This
mismatch was only present for oligodendrocytes, not OPCs, immature oligodendrocytes, or any
other cell type, making it difficult to determine whether it results from biological or technical
variation. Follow up experiments assessing oligodendrocyte number and myelin quantity in NAc

during protracted heroin withdrawal would clarify this question.

The most highly upregulated gene module in high addiction risk rats was related to “synapse
pruning” and nearly exclusively expressed in microglia (Figure 14A). As in PL, NAc microglia
uniformly expressed the Oprz1 receptor. Long-lasting dysregulation of microglia has been observed
in animals exposed to perinatal opioids'®, but specific links between opioid exposure and enhanced
synaptic pruning have not previously been observed. To validate and further explore these findings,
we plan to conduct IHC targeting Ibal in the NAc, with the goal of characterizing the relative
number, morphology, and inferred activation state of microglia after heroin SA and withdrawal. A
small population of putative microglia were found to express MSN marker genes, increasing our
suspicion that these microglia may be involved in active phagocytosis of MSN synapses. The

combination of enhanced myelination and synaptic pruning in high-risk rats is an interesting one, as
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both could be characterized as synaptic strengtheners, solidifying drug experiences into “memory” in

reward circuits (i.e., one possible mechanism for incubation of craving in NAc.)

Following oligodendrocytes in the relative perturbation rank list were canonical D2 MSNs.
These neurons are defined by their high baseline Penk expression (Figure 13) and were found to
upregulate both Penk and Opr1 in the high addiction risk group (Figure 14C). Thus, the receptivity
of these neurons to opioids (endogenous or exogenous), and their downstream endogenous opioid
release are both increased in protracted withdrawal from heroin. Also upregulated in D2 neurons
from high-risk rats was the 5-HT receptor H#2b, a G-coupled GPCR. Although we did not observe
any significant increase in dorsal raphe cFOS during protracted withdrawal, activation of
serotonergic neurons has been reported as correlated with acute withdrawal from heroin in mice.'®
Very recent work has highlighted the importance of Htr2a/c signaling in bidirectionally co-
regulating D2 MSN activity together with DA in cocaine reward,’®” however, Htr2b receptors
specifically are implicated in amplifying synaptic depression in response to DA rather than
counteracting it.'® As a result, the dual upregulation of Opmz1 and H#r2b suggests a pro-inhibitory
phenotype for D2 MSNs in high-risk rats, which is also illustrated by the results of correlated gene

module DME testing. Four modules were identified as biased towards D2 MSNs: “synaptic vesicle

) <¢ 23 <¢

exocytosis,” “glutamatergic synaptic transmission,” “axonogenesis,” and “synapse assembly.” All
were downregulated in high addiction risk animals dataset-wide, characterizing the high-risk NAc as
both presynaptically and postsynaptically silenced. Further supporting this characterization was the
relatively low expression of IEGs across the NAc: roughly 3% of NAc neurons were classified as
activated, with no difference in the number of activated neurons between low and high-risk groups.

Homser was preferentially expressed in D1+D2+ and StrioMat MSNs but was not found to be

altered between high and low rats. This is consistent with our whole brain cFOS findings, in which
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there was no significant difference in NAc cFOS when high and low risk animals were pooled into

binary groups.

The “synapse assembly” module was best represented by the hub gene G5, encoded
mGluR5, which was previously discussed due to its upregulation in PL (in concert with Homer1.) In
striatum, this directionality is reversed, and Grw5 is slightly downregulated in both D1 and D2
MSNss (Figure 14C.) The related module for “glutamatergic synaptic transmission” was represented
by Sy#1, the same hub gene for the “synaptic transmission” module in PL. §y#7 is also a DEG in
both D1 and D2, showing a similar pattern of change as G5 (Figure 14C.) Synthesis of all findings
from PL thus far support a theory of hypo-activity, which would result in a decrease in PFC-NAc
glutamatergic drive onto NAc MSNs. Although both D1s and D2s downregulate Grzz5, only D2s
have increased expression of Oprz1 and H#2b in high rats, presumably further silencing them. This
inhibitory cascade could be propagated further downstream by increased transcription of and

subsequent release of Penk in VP, where MOR is abundant.

In contrast to D2 MSNs, canonical D1 MSNs were the least-perturbed in the dataset.
However, they did preferentially express one module related to “GABA/5-HT synaptic
transmission,” which again was downregulated in high-risk rats. Genes found here were somewhat
diverse, with hub genes including the potassium channel Keng5, NMDAR Grin2b, and GABA A
receptor subunit Gabra4. Right above D1 MSNs in the perturbation list was the much smaller
subgroup of D1 NUDAP MSNs. These neurons show the highest baseline Oprz1 expression and
the highest induction of Opm1 in high addiction risk rats in the NAc samples (Figure 14C.) They
additionally upregulate Gad1, possibly enhancing downstream inhibitory tone. It is not clear from
the literature whether D1 NUDAP MSNss differ from canonical D1 MSNss in their likelihood to

innervate VT'A, VP, or both. Follow up experiments to determine (a) where these neurons project
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and (b) what the functional consequences of their activation/inactivation are would shed light on

their potential relative contribution to synaptic alterations observed during protracted opioid

withdrawal.
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Figure 14: WGCNA illustrates upregulated glial activation and downregulated synaptic transmission
gene expression pathways in the NAc of high-risk rats. (A) Expression of genes with top-10 kME
scores for four modules across cell types. (B) Fold change and % expression change of each
differentially expressed gene module. Modules are labeled with the most relevant GO theme and the

cell type with the highest expression levels. (C) DEGs of interest from D1, D2, and D1 NUDAP

MSNs.

Ventral pallidal neuronal diversity precludes characterization of high:low transcriptional
differences: Many neurons in VP tissue samples were categorized as extended amygdala/BNST
GABA neurons, which likely drove much of the correlated gene expression observed in the 13
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identified gene modules (Figure 12D.) Once again, G5 emerged as a hub gene and a DEG in this
population, displaying a 0.188 log, FC in high-risk rats, and accompanied by a 0.212 increase in
Homerl. However, unlike NAc, the gene set module including G5 did not show differential
expression between high and low risk rats (modules with differential expression are summarized in
Figure 15.) In both NAc and VP, neurons categorized as AMY-BNST displayed a cell-stress related
gene signature with differential expression in high-risk rats, suggesting that future specific
exploration of these neurons in opioid withdrawal may be warranted. This pattern was best captured
by a “mitochondrial respiratory chain complex” module, which was expressed in both “true” VP
neurons (Lhx6-Lhx8 SI) and extended amygdala cell. One DEG of interest in Lhx6-Lhx8 SI
neurons was Shank3 (-0.187 log, FC), a structural protein on postsynaptic densities. Despite high
basal levels of Opr1 expression in VP cell types, no change was found in this gene or its
counterpart Oprk7 in VP, in contrast to NAc where high-risk animals displayed Opr#1 upregulation
in both D2 and D1 NUDAP MSNSs. If Oprz1 expression were enhanced in high-risk animals in all
neurons that express it robustly, one could conclude that opioid exposure alone might be driving an
allostatic increase. The cell-type specificity of the observed changes in Opr1 induction instead
indicate that other intra-cellular processes, presumably unique to each MSN subtype, are acting to

modulate the receptor’s expression.
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Figure 15: Differential expression of gene modules in VP cell types.

Both the most populous and the most perturbed cell types in VP were glia (astrocyte >
immature oligos > microglia.) Although several modules were identified with glia-like expression
patterns (ex. hub gene P/p7, crucial in myelination), none were differentially expressed between high
and low risk animals. One unexpected finding from all three regions was the specificity in glial
responses observed: for example, although microglia were present in all regions in substantial
numbers, only in NAc was a correlated gene expression signature related to synaptic pruning
detected. Differences in numbers and types of neurons displaying an inflammatory stress-like
phenotype also support an argument for region and cell-type specific induction of glial activation

during protracting opioid withdrawal.

Cross-species integration to further characterize NAc and VP cell types: As with PL, we
sought out a high-quality mouse NAc snRNAseq dataset to integrate with our rat data. The selected
dataset captured NAc from 11 adult mice, with no experimental manipulation.’® To maximize our
ability to compare cell types, we added two naive control rat NAc samples that were collected for

David Ottenheimer’s paper on ventral pallidum transcriptional heterogeneity. After initial integration
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steps, putative neurons were identified, subsetted, and re-clustered (Figure 16B.) Major cell types
were unchanged between mouse and rat, although neurons from rat samples segregated into a
greater number of subclusters, which may indicate increased transcriptional diversity, a more

generous tissue sampling technique, or both (Figure 16C).

D1 MSNs displayed the greatest degree of transcriptional heterogeneity across mouse and rat
samples. Rat-derived D1 MSNs were best labeled with Pdy#, unlike mouse-derived, who were better
defined by the D1 marker gene E4f7. A transitionary cluster between rat D1 MSNs and extended
amygdala GABAergic neurons was selectively marked by the 5-HT receptor H#4. As above, these
extended amygdala-like cells were generally too diverse to be defined by one or two marker genes.
Both mouse and rat contained likely contaminating VP-like cell types, including one cluster was
marked by Dscam and another marked by Lhx6. Among D1 NUDAP/D1D2 double positive
neurons, mouse-derived neurons were marked by Pgp4, while rat-derived neurons were marked by
Erbb4. The novel D2 Thsd7b subcluster was largely absent from mouse samples, which could be due
to a species difference or to differences in NAc dissection strategy. Other rare NAc or NAc-adjacent
celltypes including Drd3 neurons, SST+ interneurons, and cholinergic interneurons were better-

appreciated in this large dataset, with no apparent difference between rat and mouse.
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For cross-species analysis of VP, we utilized a mouse dataset collected by Stuber lab postdoc
David Ottenheimer, which assessed the effect of high-fat diet upon VP cell types and addressed
cross-species heterogeneity by comparing naive mouse and rat VP samples.” Repeating the same
approach, we utilized Allen mouse labels and Seurat’s FindMarkers function to identify marker genes
for each neuron cluster. Notably, rat and mouse data integrated near-perfectly (Figure 17B), which
may be indicative of enhanced inter-species homogeneity in VP compared to NAc and PL. We
noted that the diverse extended amygdala/BNST cell types wete possible to capture with one ot two
marker genes: Dachl for an MSN-like cluster, Dscam/ Esrl for what looks like striatal-pallidum
transitional cells, and an Ebf7+/Drd1- cluster within the larger Dscam/Esrl group (Figure 17C.)
Among [hx8+ GABAergic neurons that are more likely to reflect true VP cell types, three markers
selectively labeled specific clusters: Zfhx3, Alk, and Gpe5. Putative interneurons either expressed Ssz
or TeH. Re-assessment of DEGs within these cluster assignments, rather than using the diverse
Allen labels, failed to produce an increase in the number of DEGs identified. This was not very
surprising, given that the cluster ID and composition of “true” VP cell types (Sema5a Gaba, Chst9
Gaba, Skorl Glut, and Lhx8 Gaba) remained consistent with either approach. However, it was
helpful to determine that the lack of VP DEGs was not solely due to the increased parcellation of
the dataset compared to PL and NAc: when striatal-pallidal neurons were collapsed together into a
Dscam/ Esrl mega-cluster, they still failed to display addiction-risk correlated changes in gene
expression. Thus, we can conclude that the VP and VP-adjacent cells characterized here are more
defined by their transcriptional diversity than by the addiction risk group of the rat they originated

from.
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Section V: Summary

Specific investigation of the expression pattern of individual cells in the PL, NAc, and VP of
high and low addiction-risk rats has revealed a distinct pattern of widespread downregulation of
activity and synaptic-transmission related genes in PL. and NAc, with VP comparatively unchanged.
However, an important exception to this rule was found in PL .2/3 and L.4/5 IT neurons, subsets
of which were found to specifically upregulate the IEG Homer1 in high addiction risk rats, along
with other genes associated with enhanced TP and Ca®* signaling. A subcluster of 1.2/3 I'T neurons
marked by the transcription factor G/s3 was found to be unique to rat samples, suggesting that
transcriptional diversity may differ between the two species in medial PFC. Histological examination
of PL for evidence of neuronal silencing via pPDH immunoreactivity revealed a significant
relationship between addiction risk metrics and pPDH positivity rate in PL, but not NAc core or
shell. Taken together, this data supports a phenotype of hypoactivity for PL neurons, which could
theoretically be exacerbated by hyper-active I'T neurons innervating local interneurons. Compared to
pyramidal neurons, PL interneurons were comparatively less altered between high and low risk rats,
but Pvalb interneurons showed the highest rates of change in expression patterns (especially the rare

Pvalb chandelier cell type.)

In the NAc, D2 MSNs appeared more transcriptionally homogenous than D1 MSNs, and
wete the most altered cell type between high and low addiction risk rats. A subcluster of D1/D2
hybrid MSNs was found to express the novel marker Thsd7b, and was the only neuronal cluster
found to have significant expression of a hormone receptor (Pgr.) Across NAc neurons, gene set
analysis revealed downregulation of synaptic transmission-related genes, but these signatures differed
between the two major cell types. One common feature between the two cell types was the

significant downregulation of the metabotropic glutamate receptor 5 gene, G5, which was also a
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hub gene for a downregulated synaptic transmission module. Both D1 and D2 MSNss receive strong
glutamatergic input from a variety of sources (mPFC/PL, ventral hippocampus, PVT, BLA.)
Decreases in mGluR5 expression alone would most likely be pro-inhibitory for both cell types,
which corresponds with the other loss-of-activity-like gene set expression changes. Enhanced
expression of Opr1 was observed in D2 MSNs of high-risk rats, likely further exacerbating a pro-
inhibitory phenotype in those neurons in response to endogenous or exogenous opioids.
Intriguingly, microglia in high-risk rats were found to upregulate a gene set related to synaptic
pruning. Differences in DEG induction were observed in glia across the dataset, suggesting that
local inflammatory changes induced by opioid use and withdrawal are region and cell-type specific.
Although we are limited in our ability to make firm conclusions regarding causality and functional
consequences of these gene expression changes, this wide-scale study has illuminated several
potential avenues of future investigation. To test the relevance of these findings in maladaptive
opioid use, we conducted a cell-type specific manipulation of a highly expressed gene that displayed
robust between-group differences, mGIuR5. Preliminary results from this study are described in the

following chapter.
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Chapter Four: Assessing the effect of cell-type-specific mGluR5 knockout upon addiction risk

trajectory after protracted withdrawal
i.  Rationale, experimental design, methods, and hypotheses
Rationale:

Big-data experiments, such as the one described above, can yield many potential avenues of
further exploration. Our goal in conducting these large-scale studies is to utilize the information
collected to generate testable hypotheses. Selecting cell types and genes for manipulation is not a
simple process: focusing on only those that are already known to play a role in opioid addiction may
be a safer choice but is less likely to produce novel findings. Conversely, choosing an overlooked cell
type and/or gene could be highly novel, or could instead result in a wild goose chase if these targets

do not meaningfully contribute to opioid-taking behaviors.

Keeping these risks in mind, we conducted a literature search on all DEGs that met certain
criteria for further investigation: either upregulated or downregulated in at least one cell type in high-
risk rats and included in or functionally related to a WGCNA gene set. This process identified one
gene of particular interest: the metabotropic glutamate receptor 5, or mGIluR5, a G4 coupled GPCR
that localizes to post-synaptic densities, which is known to interact with the (highly expressed in
high-risk rats) IEG Homerl."* Although mGluRS5 itself is pro-excitatory, co-induction with Homer1
has been reported to result in removal of mGIuR5 from the postsynaptic membrane in a pro-

homeostatic, activity-regulating mechanism.'"!

(More recent studies specifically localize mGluR5 to
“peri-synaptic nanodomains”, rather than the synapse itself.'*”) As a reminder, we observe modest
decreases in Grm5 expression in both D1 and D2 MSNs in high-risk rats, but addiction-risk

dependent changes in Homerl were restricted to PL (where G5 is also highly expressed.) In the

dorsal root ganglion, mGluR5 interacts with NMDARSs to contribute to opioid-induced
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hyperalgesia'® and is associated with induction of ERK signaling and cFOS expression in
neuropathic pain.'** Similarly, in the medium spiny neurons of the NAc, mGIuR5 activation
potentiates NMDA-evoked responses'®, modulating both D1 and D2 MSNs into a pro-excitatory
state. However, there is also evidence of cell-type specific alterations in mGluR signaling, with
similar end results between cell types: mGluR5 and D1R co-activation induces ERK, in a PKC-
dependent pathway,"* while mGluR5 and A2AR (specific to D2 MSNs) activation was found to
induce both ERK and cFOS.'"*" In a hypothetical situation where glutamate is stable and dopamine is
enhanced, we could reasonably expect D1Rs to be relatively more potentiated than D2Rs, due to the
additive effect of D1R and mGluR5 activation when compared to A2AR and mGluR5 activation,

which would still need to overcome D2R-induced inhibition.

Considerable evidence exists to support a role for mGluR5 pharmacological antagonism in
reducing drug self-administration. The noncompetitive antagonist MPEP was found to reduce both

alcohol seeking and reinstatement after chronic alcohol self-administration'*

, but interestingly was
found to potentiate CPP to multiple substances, including heroin."*® The more-selective antagonist
MTEP was found to reduce morphine self-administration in mice, as well as cue-induced drug
seeking."” Intra-accumbal delivery of MPEP modestly reduced responding for cocaine, with
additional reports of suspected anhedonic-like behavior in response to the drug.'”” However, a study
assessing effects of MTEP on methamphetamine self-administration reported decreased drug intake,
but stable food intake at escalating doses of the antagonist, which does not support the induction of
a pro-anhedonic state by mGluR5 antagonism. Clinical trials assessing the utility of mGIluR5
antagonists in depression and nicotine use disorder have occurred, but no results are easily
accessible. However, a recent clinical trial tested a mGIluR5 negative allosteric modulator

(mavoglurant) in subjects with cocaine use disorder, and reported a robust decrease in the number

of cocaine use days over many weeks, with limited incidence of negative side effects."” This result
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provides the first clear evidence that modulation of mGluRs in humans can support drug abstinence.
To further expand our knowledge of the role of these receptors in maladaptive opioid use, we next
sought to test whether cell-type-specific manipulation of mGIluR5 was sufficient to alter opioid self-
administration behavior. For initial experiments, we selected D1 MSNs for manipulation,
hypothesizing that selective knockdown of mGluR5 expression in these neurons would attenuate

addiction risk phenotypes.
Experimental design and methods:

Behavioral methods were as described in Chapter Two, with the following modifications.
Rats underwent seven days of heroin self-administration during the pre-test period, followed by
progressive ratio test #1. Utilizing latent profile analysis as previously described, each rat was
classified as either low or high addiction risk and assigned to receive either the experimental virus
(AAV1-DIO-Grm5-SACas9, titer of 1.75x10"* GC/mlL,, 1:5 dilution) or the corresponding control
(AAV1-DIO-sgROSA.) CRISPR or control viruses were mixed 1:1 with a D1 MSN-specific
enhancer virus expressing Cre recombinase (AiP13779 - pAAV-AIE0779m_3xC2-minBG-
iCre(R297T)-BGHpA.)'** 1 uL of the viral mixture (500 nl. 1:5 diluted CRISPR/control, 500 nl.
1:25 diluted enhancer virus) was delivered bilaterally to the NAc core and shell of each animal at the
following coordinates: 1.3, 1.5, -7. After a three-week incubation period, rats were re-introduced to
heroin intermittent self-administration for seven additional days, after which they underwent
progressive ratio test #2, eleven days of extinction, and a cued-reinstatement test. Brains were flash-
frozen 1-2 days following cued-reinstatement for validation of Grz5 knockdown, which is ongoing.
We additionally have conducted separate validation experiments in non-behavioral cohorts to assess
the firing patterns of MSNs +/- G5 knockdown, collection and analysis of this data is also in

progress.
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Hypotheses:

During the pre-test self-administration period, we expected rats to separate into low and
high addiction risk groups as previously described. Following delivery and expression of the Grmzb
CRISPR or control viruses, we hypothesized that high addiction risk rats would be more likely to
show a behavioral effect due to loss of mGluR5-mediated pro-excitatory signaling in D1 MSNs.
Thus, we predicted that high-risk rats would display signs of attenuated heroin escalation after

knockdown, while low-risk rats were more likely to remain unaffected.

il. Results

As previously shown in Chapter Two, high and low addiction risk rats differ not only in their
rates of self-administration, but in their behavioral trajectories over time: high-risk rats display
escalation during the intermittent self-administration period, go through acute withdrawal after
cessation of self-administration, and then enter a state of protracted withdrawal. In contrast, low-risk
rats (despite taking some heroin) do not engage in escalation and are unlikely to display signs of
withdrawal. Considering this, it is not surprising that both CRISPR and control animals display
continued escalation of their heroin intake after intervention, as both groups contained high-risk rats
that presumably went through withdrawal during the incubation period (Figure 18B.) Surprisingly, a
subset of low risk rats in both groups displayed an abrupt switch in their behavior during the post-
test period to a high-risk phenotype (Figure 18E.) These switches happened more frequently in the
control group than in the CRISPR group, suggesting that the Grz5 knockdown may have exerted a
protective effect. To further explore this, we calculated within-animal z-scores of each behavioral
metric, allowing us to account for each animal’s varying addiction-risk trajectory and specifically
interrogate the potential effect of the intervention upon risk state. By testing for a significant linear

relationship across z scores in the pre-KO and post-KO periods, we could assess whether each rat
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was displaying signs of amelioration, worsening, or no change in their addiction risk phenotype.
Following the intervention, rats who received the mGluR5 CRISPR showed an immediate spike in
their excess pressing and infusions (Figure 18A, B), which was followed by a downward trend,
resulting in an overall less positive slope compared to the control group. In seeking, control animals
displayed no linear relationship, implying that their seeking remained consistent over time (Figure
18C.) In contrast, KO animals displayed a weak negative linear relationship, indicating an overall
decrease in seeking in the post-KO period compared to pre-KO. Control animals displayed a
negative linear relationship in extinction responding (active lever presses during extinction), while
KO animals had no linear relationship. Analysis of pre and post KO addiction metric with PCA
(Figure 18 G, H) revealed a cluster of high-risk KO animals most defined by their pre-KO addiction
metrics, whereas control animals were more represented by post-KO metrics (except one control

animal) or by the exploratory metric (foodtray.)

109



>

pre-KO post-KO o cntl pre-KO post-KO o cntl
o -= KO g : -= KO
o o
o »
» N
5,‘ §
o g
o S
x L
o =
-1.5- .
days
(o4 D
2_.
pre-KO post-KO -e- cntl o cntl
e -= KO -2- KO
8 14 cntl ns o KO ns
5 g
N
»
2 N
a = C_Pre
P = mm C_Post 1
E days = KO_Pre G days Excess_2
&7 = KO_Post
3 ® KO
. 6 2 ecC
® eC ecC
g 4 s 1- o Kb
o o ®C
3 0 &o el ®C
eC
2 KO
-1 o R0
K&O eC i
0- -2 T T T 1
6 -4 2 0 2 4
F H PC1
excess 1.0
seeking
infusions , 0.5 PR_2]
control Grm5 KO 9.2
(1) § 0 e - e
-1 oodtrgy §2 Sinfusion_1
delta mean z score 0.5 | ﬁ'ﬁéﬁs -
odtray_1
-1.0 T T
-1.0 -0.5 0 0.5 1.0

110



Figure 18: Rats display an attenuated addiction risk phenotype after mGluR5 knockdown in D1
MSNs. (A-D) Z-scored behavioral metrics before and after intervention. (E) Number of rats in low
and high-risk groups before and after intervention. (F) Delta z-scores (post — pre) for excess presses,
seeking presses, and infusions. (G-H) PCA on pre (1) and post (2) addiction metrics reveals
clustering of KO animals with pre-intervention addiction metrics, and control animals toward

polarized post-intervention metrics.

ii.  Summary

Behavioral analysis of video collected during this experiment is ongoing, which we expect to
broaden our understanding of the effect of the intervention upon locomotion and drug or
withdrawal-induced behavioral sensitization. Crucial validation experiments to confirm the
selectivity of the D1 enhancer virus, extent of knockdown/knockout of mGIuR5 in targeting
neurons and characterize the firing patterns of MSNs +/- intervention are also in progtess.
Preliminary analysis of the behavioral data collected across this experiment indicates that animals
that were high-risk before KO display a modestly attenuated addiction phenotype post-KO, and
animals that were low-risk before KO appear less likely to undergo a low to high transition in their
addiction phenotype. If the mGluR5 manipulation reduces excitability of D1 MSNss in response to
glutamate, we would expect relatively more activation of D2 MSNs by glutamate, which may reduce
opioid reward and disrupt normal learning processes (perhaps contributing to the persistence of KO
animals in active lever pressing during extinction.) Evaluating the effect of mGluR5 KO in D2
MSNis is a natural future direction in this work and is likely the experiment that we would choose to
undertake next. Another option for manipulation would be prelimbic cell types, especially L5 ET

and Pvalb neurons, who may be the targets of contralateral hyperactive I'T neurons in high-risk rats.
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Discussion and conclusions

The broad goal of this work was to utilize a translational rodent model of OUD to facilitate
two large-scale studies: first, comparing low and high addiction risk rats brain-wide in withdrawal
and after “relapse,” and second, comparing low and high addiction risk rats at the gene-expression
level during protracted withdrawal. Here, we have sought to document the results of these
experiments completely, and to describe hypothesis-based follow-up experiments that are ongoing.
The most novel and surprising finding from the whole brain cFOS experiment was the marked loss
of intra-cortical and parahippocampal activity correlations in the high-risk group. One region,
mediofrontal cortex, displayed complete loss of correlation, indicating that cFOS z-scores within
this group no longer had any relationship with z-scores in any other region. snRNA sequencing in
prelimbic cortex, a subregion of mediofrontal cortex, revealed that 1.2/3 and 1.4/5 IT neurons wete
the most transcriptionally perturbed by far. However, dataset-wide, correlated gene sets (including
those related to neuronal activity) tended to be downregulated in high addiction risk rats.
Quantification of likely-hypoactive neurons with pPDH supported this finding, with pPDH
positivity rates increasing with progressive ratio responding in PL, but not in the NAc core or shell.
Identification of I'T neurons, who project more locally than ET or CT neurons, as the most
perturbed presents the possibility that disruption of function in these neurons could be contributing
to the lack of correlated intracortical cFOS in high-risk rats. In the NAc, canonical D1 and D2
MSN:s displayed broadly similar gene expression patterns, with relatively more DEGs detected in the
homogenous D2 MSNs than the heterogenous D1 MSNs. Rare MSN celltypes, including D2
StrioMat, D1/D2 hybrid, and D1 NUDAP, tended to be quiescent (except for an upregulation of
Oprm1 in DT NUDAP MSNs of high-risk rats), as did diverse cell types in the VP. Lack of
differential gene expression detected in this experiment by no means implies that these cell types do

not contribute to heroin escalation and withdrawal. Cross-species integration of our rat datasets with
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mouse has facilitated the identification of novel markers for these rare cell types, which could be
employed to perform targeted follow up experiments. In all three regions, glia displayed striking but
varying patterns of gene expression change in high addiction risk rats, with the most compelling
alteration being the induction of synaptic pruning-related genes in NAc microglia. Further work is in
progress to validate these findings, but for now we can conclude that our sequencing data strongly
supports dysregulation of glia as one of the most salient gene expression phenotypes during
protracted withdrawal from heroin.

Two priorities predominate for our future work. First, although our snRNAseq dataset is
wide-ranging and high quality, it of course lacks information about the spatial location of each
perturbed and non-perturbed cell in each region. In PL, the layer specificity of cell types gives us
some idea where to look, but in NAc and VP little is known about the spatial heterogeneity of the
neurons we sequenced, especially in rare cell types. To address this gap, we plan to conduct 77 situ
hybridization experiments targeting novel cell type markers and other genes of interest in NAc and
VP. However, this approach will not allow us to discover previously unappreciated cell type markers.
Thus, to do this we hope to conduct sequencing-based spatial transcriptomic assays in the PL and
NAc of high and low-risk rats, both to validate our snRNAseq findings and map out putative
activated and inhibited neurons at high resolution. Second, by selecting the protracted withdrawal
timepoint (8+ days after last heroin session) to do our studies, we remain blind to alterations that are
occurring during escalation and shortly after, during physiologic opioid withdrawal. Iz vivo imaging
of MSN activity with GCaMP, coupled with a dopamine sensor, would provide much needed
information about how MSN activity is differentially regulated by DA during escalation and
withdrawal. We have previously attempted this using D1 MSN enhancers, DIO-GCaMP, and red
GRAB-DA, in conjunction with GRIN lenses and 1p miniscopes, but have not yet produced high-

quality recordings during self-administration.
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Finally, we have summarized preliminary data collected during a functional manipulation of
G5 expression during heroin self-administration. As previously described, follow up studies
evaluating the effect of mGluR5 KO upon other cell types would naturally be of interest. In
prelimbic cortex, L4/5 I'T neurons emerged as perhaps the most functionally perturbed cell type
(L2/3 IT neurons showed more DEGs, but also more signs of cellular stress), making them an
intriguing candidate for future manipulation. To simply test their contribution to episodes of relapse,
we could deliver Cre-dependent GiDREADD:s to the PL, in conjunction with a L4/5 I'T-specific
enhancer virus expressing Cre and inject CNO an hour before cue-induced reinstatement. If these
neurons play an important role in the observed dysregulation of mediofrontal cortex in withdrawal,
we would hypothesize that their silencing would attenuate reinstatement responding (and vice versa
with a Gg DREADD.)

In addition to the systems neuroscience work described above, we have utilized cutting-edge
statistical approaches to analyze, categorize, and make predictions about each rat’s addiction risk
state. By doing so, we have come to appreciate the wide spectrum of addiction risk behaviors that
can be observed in rodents. This spectrum has considerable value to our work, as it underlies much
of the proposed translatability of these studies to a varied population of diverse humans. However, it
also necessitates rigorous, robust, and high-throughput science, which is challenging and costly to
execute well. Relatively common psychiatric conditions, like opioid use disorder, are unlikely to
converge upon a singular brain region, cell type, or specific gene as a putative “key” to unlocking
addiction. Here, we have cast some very wide nets and have been rewarded with many new pieces of
incremental knowledge, as well as some surprising and novel findings that have generated new
hypotheses. By continuing to test and revise our working theories about how cortical, striatal,
pallidal, and midbrain regions interact to produce addiction-like behaviors, we hope to arrive at an

improved understanding of the neural mechanisms underlying opioid use disorder.
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Supplementary Figure 3: Quality control metrics for ventral pallidum.
Index of abbreviations:

OB: Olfactory bulb

Sub: Subiculum

CAT1: Cornu ammonis 1

CA2: Cornu ammonis 2

CA3: Cornu ammonis 3

DG: Dentate gyrus

PrC: Postrhinal cortex

Presub: Presubiculum

Parasub: Parsubiculum

PeriC: Perirhinal cortex

EntoC: Entorhinal cortex

PiriC: Piriform cortex

CR: Cingulate region

RsC: Retrosplenial cortex

IR: Insular region

OfC: Orbitofrontal cortex

M{C: Mediofrontal cortex

MC: Motor cortex

SSC: Primary somatosensory cortex
PPC: Posterior parietal cortex

VC: Visual cortex

TAC: Temporal association cortex
AC: Auditory cortex

EndoN: Endopiriform nucleus
Amy: Amygdaloid area unspecified
CP: Caudate putamen

NAcC: Nucleus accumbens core

NAcSh: Nucleus accumbens shell
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VS: Ventral striatal region unspecified
GPe: Globus pallidus externus
EntoN: Entopeduncular nucleus

VP: Ventral pallidum

BF: Basal forebrain region

BNST: Bed nucleus of the stria terminalis
SR: Septal region

StN: Subthalamic nuclei

Z1: Zona incerta

LHb: Lateral habenular nucleus
MHb: Medial habenular nucleus
NSM: Nucleus of the stria medullaris

PG: Pineal gland

ANDT: Anterior nuclei of the dorsal thalamus

DCDT: Dorsal-caudal midline group of the dorsal thalamus

VDT: Ventral nuclei of the dorsal thalamus

ILDT: Intralaminar nuclei of the dorsal thalamus
LPDT: Lateral posterior (pulvinar) complex of the dorsal thalamus

LDDT" Laterodorsal thalamic nuclei of the dorsal thalamus

DLGN: Dorsal lateral geniculate nucleus
Hypo: Hypothalamus

1C: Inferior colliculus

SC: Superior colliculus

SN: Substantia nigra

VTA: Ventral tegmental area

PPN: Peripeduncular nucleus

IPN: Interpeduncular nucleus

PAG: Periaqueductal gray

PN: Pontine nuclei

Cb: Cerebellum
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