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How the brainprocesses information when making decisions depends on how that
information is stored. Distinct neural circuits are capable of storing information in many
different waygshat arebetter suitedor different situationsThe decisiormaking processes

that acess those different bits of stored information are not singaldioccupy separable
neural circuits, each of whiatan operate in parallel with one anothard each of which

can confer different information processing properties based on the neurabiciss
within which a given computation residesuch is the framework of recent theories in
neuroeconomics, which suggest that decisions are -fagkted and actieselection
processes can arise from fundamentally distinct chspstcific neural compations.In

this thesis, | present a bodfwork thattakes aneuroeconomicapproacthrough a series

of experimentsghat reveal the complexities of multiple, parallel decisiagking systems
through complex behaviors by moving beyond simple tests oéMalthe first half of this
thesis, I[demonstrate howomplexbehavioral computations caesolvefundamentally
distinct valuation algorithms thought to reside in separable neural cidcthientranslate

this approach between human and-homan rodent animal modetsorder to reveal how
multiple, parallel decisioimaking systems are conserved across species over evolution. In
the second half of this thesisjémonstrate the utility of behava economics in disease
relevant and circuibasedstudies.If multiple, paralleldecisionmaking processes are
thought to be intimately related tbe heterogeneous ways in which information can be
stored in separable neural circuit®xamine how addton i a disease which is thought

to be a disorder of the neurobiological mechanisms of learning and mémuogit alter

how stored informatiois processed in separable decisioaking systemsniquely using

a mouse model of two different forms of adatiot In doing so, Hemonstrat@ow different

forms of addiction give rise to uniquéastingvulnerabilities in fundamentally distinct
decisioamaking computationsThese discoveries can aid in resolving neuropsychiatric
disease heterogeneity by movingybed simple tests of value where complex behaviors
that are measured canore accurately refledhe neurally distinct computations that
underlie those behaviorBinally, | take a neuromodulation approauid directly alter the
strength of synaptic transssion ina circuit-specific manner using optogenetics in mice
tested in this neuroeconomic framework. | demonstrate how plasticity alterations in
projections between the infralimbic cortex and the nucleus accumbens are capable of
giving rise to longasting disruptions of selfontrol related decision processes in a
foraging valuation algorithm independent of and separate from a deliberative valuation
algorithm measured within the same trial. Furthermore, | developed a novel plasticity
measurement tool thas assayed at the neuronal population ensemble level and reveals
individual differences in separable decision processés. second half of the thesis
demonstrates a potential biomarker to target as a ctoniputatiorspecific therapeutic
interventiontailored to those types of decisiomking dysfunctionsTaken together, |
present a body of work in this thesis that demonsttheestility of moving beyond simple
tests of value in order to resoltree computational complexity of decision making
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Chapter 1

hy YV SdzZNPSO2Yy 2YAC

Appreciating the computational complexity ofdecisionmaking

Every decision we make, in oslape or form, is in service of our interactions with the world around us.
Measuring how the brain computes possible actions to be selected is challenging, particularly because the

information that guides decisianaking processes can be stored so diftrehroughout the brain.

How information is stored in the brain can change how that information is accessed when decisions are
being madgRedish 2013)The different ways in which the brain can stimfermationis intimately linked

to distinct deciginrmakingmechanismshat access that stored information differently. Therefore, the
neurobiological mechanisms of memory and the neurobiological mechanisms of detaiog

information processing can be thought to exist as complex duals of each other.

Below, | will explore thegrowingliteraturethat has been instrumental in characterizing the multiple
memory systemas well as thenultiple decisiormaking systems that reside in the braircritical link
that bridges the concept of multiple memory eyt to multiple decisiemaking systems has been the

emerging field of neuroeconomics.

Neuroeconomics is an interdisciplinary field that seeks to describe the multifaceted ways in which the brain
processes value, or the utility of selecting one action over anibewenstein et al. 2008pn the

surface, seemingly identical decisiontcomes observettirough behavior could theoretically be driven by

Chapter modifiedrom:

Sweis BM, Thomas MJ, Redish AR018a.Beyond simple tests of value: Measuring addiction as a
heterogeneous disease of computatipacificvaluation processekearning & Memory(in press). 1



fundamentally distinct and neurally separable valuation algoritRexsent theories in neuroeconomics
suggest that decisions made in diffiet situations derive from different valuation functions residing in
separable neural circuifRedish 2013; Rangel et al. 2008; Loewenstein et al. 2008; Sanfey et al. 2006;

Glimcher and Rustichini 2004lowever, the experimental dgteobingsuch thedes has been sparse.

It can be difficult to segregate parallel information processing algorithms using traditional behavioral
paradigms that rely on simple tests of valBehavioral consequences of distinct neural computations can
offer appear grosslyimilar and thus remain unseparahlethis light, distinct neural dysfunctions would
similarly result in unseparable behavioral consequeheesoncept discuss irthis thesis irdetail that has

plagued progress of our understanding of neuropsychiagital illnesses

In this thesisl will also discuss how moving beyond simple tests of value toward approaches based on
emerging theories in neuroeconomics may be able to give rise to significant advande tinexsisidyof
behavior in the same way thathniques used to study the brain have evolved over theelaestal
decadegsrevolutioniang experimental approachesrnaurosciencdmportantly,l discussn this thesidiow

a careful approach in experimental neuroscig¢aqaobe the link between multiple memory systems and
multiple decisiormaking systemmatters and is often overlooked with the use of recently developed

circuit dissection tools.

Understanding important differences ito@omic behavior can shape our urstending of the brain s
mechanisms underlying acti@electiorand memoryprocesses. In turmeuroscientific discoveries can
constrain and guide models of economlagportantly, neuroeconomics can reveal novel insights into how
decision processeés thebrain, through all of its complexities and heterogeneity, might begin to

malfunction in neuropsychiatric illnesses in distinct ways not previously appreciated.

Multiple memory systemsin the brain

Every experience shapes our brain in one way or andiRperiences are capable of leaving anything from

subtle to profoundly lasting changes in the structure and function of the(leliier et al. 1998) Moving
2



forward, this alters the way information is subsequently processed. Thus, it has also begthatghe

only reason we learn and remember anything is to make better de¢i@atish and Mizumori 2015)

Any physical change in the brain that results from an experience can be considered to be a memory because
such changes provide information abthe historical pastJsing this definition, several neuropsychiatric
disorders that involve lasting changes in the brain have adopted a view of dysfunction in mechanisms of
memory. For instangaddiction has been proposed to be a neurobiological disofdearning and

memory because drugs of abuse can leave lasting changes on the structure and function of the brain
(Hyman 2005, Volkow 2012). These changes are thought to underlie why individuals with addiction

struggle with making poor decisiorswill revisit in depth the implications of traditional and contemporary

perspectives of memory and decisimaking information processing for addiction later in this thesis.

There is an intimate link between memory and decision making. It can be arguéx thialytreason we

learn and remember things is to make better decisions (Redish and Mizumori 2015). Information stored as
memories within and between neural structures guide decision processes (Euston et al. 2012). Therefore, if
addiction for examplejs considered to be a neurobiological disorder of learning and memory, it should

also be considered a neurobiological disorder of decisiaking information processing.

It is thought that humans have evolved in such a way that the brain is capable gfisforimation in

multiple, separate memory systems each of which afford unique evolutionary advantages (Sherry and
Schacter 1987). Theoretically, the existence of multiple memory systems can only afford evolutionary
advantages when each system is speeidlia such a way that the functional problems and environmental
demands overcome by one system cannot be handled by the properties of another system, which could have
been shaped by natural selection and adapted to serve other purposes (Rozin and883htlihe 9

definition of a memory system refers to interactions between separable mechanisms of information
acquisition, retention, and retrieval that operate under certain rules, which may be fundamentally distinct

from a separate memory system (Sherry &oldacter 1987). Taken together, multiple separate mechanisms



of memory acquisition, storage retention, and retrieval are thought to take place in neurally dissociable

systems.

These princifes of neurally distinct memory systems are not just limitestages of memory formation

(i.e., acquisition, storage, retrieval) but also extend to different types of information that can be acquired,

stored, and retrieved. Multiple memory systems vary in terms of other properties, including the rate of
learningoré v e | of generalizability vs. speci ficity of st
et al. 1993; Schacter and Tulving 1994). For instance, gradual, incremental learning involved in the

acquisition of specific skills is thought to occur in aagpe memory system distinct from rapid dnal

learning tied to relationships among specific episodes (Morris et al 1982; Yin et al. 2004; Tse et al 2007) or
events with salient affective properties (Berridge and Robinson 1998; Dayan and Ballein€@di2and

Balleine 2005). In the former example, practicing and updating repetitive motor programs over numerous

trials are thought to depend on a form of reinforcement learning critically dependent on structures within

the basal ganglia, including theutkate and putamen regions of the dorsal striatum (Packard and Knowlton

2002; Balleine et al 2007; Graybiel 2015). This memory system, typically referred to as procedural

memory, is often spared in individuals with temporal lobe lesions that precipitaérnmepts in either

episodic memories thought to be part of a distinct, hippocathggp e ndent | earning systen
Nadel 1978; Cohen and Squire 1980; Squire et al. 1993; Eichenbaum and Cohen 1994; Redish 1999, 2013)

or emotional memories associatsith specific stimuli thought to be part of an amygddépendent

learning system (Ledoux 1998; Corbit and Balleine 2005; LeDoux and Daw 2018).

Double and tripledissociations between separable brain structures and multiple representational forms of
memay have been demonstrated in rodents using cleverly designed behavioral paradigms where the rules
or contingencies of the task require the use of different types of information stored in separable brain
regions. For instance, by using rats trained on mtsiaf a standard radial arm maze memory task that
differed only in the contingencies required to successfully obtain rewards, brain-spgidfic lesions

were capable of disrupting performance on select variants of the task but not others (McDokdhitend



1993). Dorsal striatum lesions produced deficits in-gtay contingencies, sparing performance on win

shift or cued contingencies, which were sensitive to hippocampus and amygdala lesions, respectively
(McDonald and White 1993). Similarly, in ratained on a standardMaze memory task, hippocampal vs.

dorsal striatum lesions differentially affect performance depending on the degree to which animals were
trained. Prolonged training under regular contingencies rendered behaldmgeo sensitiveat

hippocampal lesions but instead sensitive to dorsal striatum lesions (Tolman 1948, Hull 1952; Packard and
McGaugh 1992; Schmidt et al 2013; Gardner et al 2013). Taken together, the acquisition and expression of
certain types of memories appear to taleeplin neurally separable learning and memory systems that

di ffer depending on a number of properties of that

al. 1993; Schacter and Tulving 1994; Redish 1999, 2013).

Multiple decision-making systemsn the brain

Just as separable memory systems are capable of storing different types of information, neurally dissociable
decisionmaking systems exist to access those separate aspects of stored information. How data is stored
can change how it is processdating decisiormaking. There is a tight relationship between the multiple
representational forms that underlie memory and the multiple estiection systems that are in play

when accessing that stored information. Properties that govern differenbescallular mechanism of

storage, rate of learning acquisition, degree of information distribution across cells, and the different circuit
networks within which these processes take place can confer differences in how that stored information is

accessed.

Multiple decisionmaking systems can operate in parallel with one another and ptoaddeffshetween

decision properties, such as speed of processing, depth of planning, degree of flexibility, and a diversity of

other factors that can influence cheiwan der Meer et al. 2012). Multiple decisimaking systems, which

can be updated through unique forms of learning and are thought to reside in separable neural circuits, are
thought to have evolved over time because each can be better suited fermliffer si t uat i ons ( O6 Ke

Nadel 1978; Hikosaka et al 1999; Doya 1999; Daw et al. 2005; Rangel et al. 2008; Redish 2013).



Recent theories in neuroeconomics suggest that complex decisions afiacetdil and reward valuations

can arise from dissociabb®mputations in distinct neural circuits (van der Meer 2012; Loewenstein et al.
2008; Rangel et al. 2008). For instance, decisions driven by emotion, decisions planned out after extended
deliberation, and decisions made from practiced habit, each ansealfssociable neural processes

dependent on different neural circuits. This concept is similar to the fact that multiple memory systems
uniquely related to each of these three previous examples can exist in the brain, but importantly differs in
that such gparable decision processes can gain access to these different types of memories simultaneously
and in parallel with one another during-gaing behaviors. Thus, carefullesigned behavioral tasks are
required to elucidate how multiple, parallel decisinaking systems work together or compete with one

another in order to access separable memories and drive behavior in the moment.

Pavlovian actiorselection systems entail genetically hardwired motivational-staf@onse action pairs

that are capable ofing associated with predictive stimuli through conditioning (Clark et al. 2012; Dayan
and Berridge 2014). Physiological states are capable of driving motivation (e.g., hunger) and are linked to
unconditioned responses (e.g., salivating). Importantlyetpescesses can be directly transferred to
informative cues in the world. For example, images that are associated with a certain reward, rather than
simply predicting upcoming reward availability or opportunities, can themselves adopt intrinsic value. This
concept, termed incentive salience, can trigger feelings of wanting or craving in response to cue
presentation and promote rewasgeking behaviors (Robinson and Berridge 1993; Bernheim and Rangel
2004; Berridge and Robinson 2016). The role of amygodaéed circuitry has been heavily implicated in
these mechanisms (Clark et al. 2012; Wassum and Izquierdo 2015). Such circuits carry learned
representations of sensory stimuli and integrate that information with motivational processes (LeDoux and
Daw 2018).Through failure modes in these mechanisimsexampleaddictionrelated cues are capable of
triggering decisiofvulnerable states that lead to maladaptive motivated behaviors, ultimately precipitating

relapse (Robinson and Flagel 2009; Walters and R&i$8; Bernheim and Rangel 2004).



Deliberative actiorselection systems entail declarative, episodic evaluation processes rooted in simulations
of possible future responsgitcome scenarios (Redish 2016). Deliberative valuation algorithms operate
relatively slowly yet remain flexible. Hippocampus and regions of the prefrontal cortex have been heavily
implicated in these mechanisms (Johnson et al. 2007; van der Meer et al. 2012; Wang et al. 2015). Failure
to engage deliberative algorithms when makingsiens without planning (Everitt and Robbins 2005), a
reduction in capacity to accurately simulate imaginations of possible future scenariosNKlsth et al.

2012), or errors in the future scenarios themselves (Redish and Johnson 200ReéfsothandRedish

2012; Goldman 1987), as well as errors in the value estimates of those future scenarios (Tiffany 2005;
Naqvi and Bechara 2010) each describe fundamentally distinct and dissociable vulnerabilities in-decision
making information processing within theliberative systerthat may emerge in various neuropsychiatric

illnesses

Procedural actioselection systems entail wgltacticed behavioral sequences that are released
ballistically following the recognition of appropriate situations (Graybiel 1998yk8el and Grafton 2015;
Redish 2013). These decision processes operate quickly yet are relatively inflexible and rely on
motivational components accessed via cached value representations (Daw et al. 2005). The dorsal striatum
has been heavily implicatéd these mechanisms (Sai@yr 1999; Berke et al 2009; Gremel and Costa
2013; Smith and Graybiel 2014). Such circuits are recruited over many trials and information stored in
these circuits are thought to be acquired through a form of reinforcdiketdgarning. Possible failure
modes in the procedural systémdifferent neuropsychiatric disorders coindlude increased valuation
due to drugmodifications of dopaminergic signals (Redish 2004; Dezfouli et al. 2009), inabilities to
extinguish perseverativaotor programs (Peters et al. 2009), and strongikbiprocesses that override
other valuation algorithms leading to enhanced rates of information stored as procedural memories

requiring lesghanusual number of training trials (Piray et al 2010).

These multiple actioselection systems, with their separate vulnerabilities, also interact, for example in the

process of Pavloviamstrumental Transfer, in which amygdaléven Pavlovian valuations can change the



valuation stage of deliberative decisgooccurring in accumbens (Talmi et al 2008; Corbitt and Balleine

2011; LeDoux and Daw 2018).

Thus, there are significant implications of the complexity of these concepts for various neuropsychiatric
disorders. For instancd,addiction is to be considered a neurobiological disorder of memory, and thus
decisionmaking, the heterogeneity with which information is both stored and processed must be taken into
account. Thus, addictiarelated dysfunctions in memory could be diveard could lead to lasting
heterogeneous circuiipecific changes in dissociable decisinaking computational processes. These

multiple vulnerabilities could generate subtly different behavioral phenotypes; however, it is also possible
for distinct failue modes in separate systems to produce identical behavioral dysfunthiossseemingly
identical disorders would require fundamentally distinct therapeutic interveiit@hsirdle current

practices in psychiatry has been struggling with overcoming.

Purpose and organization of this thesis

The purpose of this thesis is to demonstrate the utility of adopting a heuroeconomic approach to study
decision making. Discoveries presented in this thesis address critical gaps in knowledge between multiple
memory sgtems in the brain and multiple decisioraking systems in the brain using a neuroeconomics
approachl present breakthroughs that illustrate how neuroeconomic approaches can be directly translated
across species into human paradigms and how such tranalapproaches benefit from interdisciplinary
collaborations across laboratories, starting with ethologically valid paradigms-imunezn animals first

and then translating up into human paradigms, and not the other way around, which has been commonplace
in sciencel present breakthroughs that reveal the utility of this approach, which can resolve
neuropsychiatric disease heterogeneity using mouse models of addiction as an example case $tudy. And
present breakthroughs that illustrate a causal reldtiptetween mechanisms of memory and parallel
mechanisms of decisiemaking information processing using ciregfiecific neuromodulation techniques.

Together, these discoveries can help the field of clinical neuropsychiatry practice begin to overcome



hurdes in progress toward refining our understanding of disease etiologies and developing novel

therapeutic interventions.

Measuring fivalued is a daunting task and can often
design or produce highly nespecific measurements in simple paradigms that actually reveal very little

about the neural computations that underlie those valuation. Given recent theories in neuroeconomics that
suggest value is mulfaceted and can arise from multiple, parallel denisnaking systems, the purpose

of this thesis is to demonstrate that the multiplicity of these complex processes is conserved across species,
can be carefully dissociated, even through behavior, and can reveal fundamental differences in the
information ppcessed (and valuation biases contained) in distinct degisdimg systems importantly,

in a neurobiologically plausible model. In doing base addiction as a castudy and demonstrate with
neuroeconomics that discrete decisinaking failure modesr vulnerabilities may lie in separable

decisioamaking systems in different forms of addiction. This concept allows one to potentially resolve
heterogeneity of neuropsychiatric diseases that are often masked when diagnoses or treatments are targeted
to symptomology and do not address discrete etiological computational dysfunctions in thé dismiover

that such computational distinctions do indeed reside in separable neural processes that can be

independently altered with circtépecific neuromodulain.

The behavioral paradigms contained within this thesis directly build off of original {kFaykre 1.1)rom

Adam Steiner when he was advised by David Re(@skiner and Redish 201dhd Samantha Abram

when she waso-advised byDavid Redish and\ngus MacDonaldAbram et al. 2016)Their work has

been instrumental in providing a fresh lens through which one can study behavioral neuroeconomics across
species while also taking advantage of neurophysiological tools to monitor brain activity discirege

aspects of decisiemaking information processing.

One of the hallmarks of this past research has been the construction of ultimately convincing accounts of

interesting decisiomaking phenomena, even in neerbal norRhuman animals, supportegt bonverging



behavioral and neurophysiological data. Steiner and Redish found that in special economic scenarios, when
rats passed up on relatively good offers only to subsequently encounter relatively bad offers, the

information gleaned at the second offecombination with the economic violation made at the previous

offer together induced regrike behaviorsn these animaléSteiner and Redish 2014Regret was

contingenbn an error of oneébds own agendnwivomeudhl di sti nct
recordings in the orbitofrontal cortex during these regret episodes revealed representations of
counterfactual information processing of the missed opportunity after mistakes had been realized and that
one could have made a better decision. Ingrdly, these regregpisodes were capable of augmenting

subsequent reward valuations and could guide subsequent decisions to make up for lost efforts.

These data not only reveal the complexity of value processing #hunman animals but also provide a
tractable foundation from which to interrogate a number of hypotheses regarding multiple learning and

decisionmaking systems testable across species.

In this thesis, the remaining chapters will each tackle separate hypotheses that build off one another
centered around neuroeconomic theories of multiple, parallel decis@ing systems. Following each

chapter that contains original research collected and analyzed during my graduate work, a short Interlogue
chapter synthesizes what was learned in the leroazhtext of neuroeconomics and multiple decision

making systems that inform and inspire the next chapter moving forward. In the middle of the thesis, based
on discoveries made in earlier chapters, a new theoretical framework and perspective is dizaussed

delves deeper into neuropsychiatric illnesses and describes how discoveries in neuroeconomics can move
computational neuropsychiatry forward, making predictions as well suggestions for the field of
neuroscience as a whole, inspiring and demonstratélaebdiscoveries made in the final chapters of this

thesis.
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Figure 1.1: The original Restaurant Row (rats) and Webrf (humans) tasks
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These figures are reproduced from Abram et al 2016ddiionstrated the first use of the Webrf Task
based on the Restaurant Row Task first used in Steiner and Redish in 2014. These efforts translatec
foraging-utpdask nimaak human t ask, i nstead of taskk
that are mapped Adowno onto rodent behaviors
validity and face validity. (AB) Task schematics of the two tasks. (A) In rats, a tone sounds as an animal
a uniquel yt ddraawzmtree ds ifigreasl ed via contextual cu
the countingdown delay the hungry rat must wait in order to get a reward. The rat can choose to wait
countdown or skip midountdown and move on to the nextistatn, f or agi ng arour
limited time budget. (B) Humans similar forage on a computer for natural rewards (short entertaining
of varying costs (download | engths) cycl i Magetx
button clicks mimic the travel costs rodents experience between restauraD)sEx@mple data for a single
subjectbés session, demonstrating reliable reyv
particular restaurant or gale Red cros§ i nf | ecti on poi nt or #fAthres
function of cost.



Below, | briefly highlight the discoveries made in this thesis:

T I'n the second c halgénomnsate that mice likeratd, toa, agatsdeaof ¢ h
experiencing regret on a novel variant of the Restaurant Rowl tdiskover hidden costs and
hidden utilities associated with regiredated learning that drive the development of distinct
decisionmaking strategies longitudinally that are babeaally dissociablel dissociate foraging
valuations separate from deliberative valuations that each processes decision conflict differently.
hypothesize that such behaviorally dissociable valuation algorithms arise from separable neural
circuits.

T In the fourth c ha pttasskté this nvelivarianhofthe RestasranaRow task
into a novel variant of the WeBurf Task and demonstrate that mice, rats, and humans both
deliberate and forage similarly for rewards. Interestinigtiiscover that foraging valuation
algorithms but not deliberative valuation algorithms are uniquely susceptible-tmegibl related
cognitive biases preserved across evolution, suggesting that the separable neural circuits from
which these valuations aris®o, are preserved.

1 Inthe sixth chaptet, propose a novel unified theoretical perspective describing how
advancements in neuroeconomics in light of recent developments in circuit dissection tools can
push the field of computational neuropsychiatry forwangkse addiction as a case study anddorin
together fields of the neurobiology of learning and memory with neuroeconomics of decision
making information processing to reveal how more can be learned and how new questions can be
asked to better interrogate disease heterogeneity. Chapters sevemegmerform two critical
types of experiments proposed in this new theoretical framework.

T I'n the sevent h c h abuildeffrobtte firet half gf the thelsis, whick describedh
in detail how complex behavioral neuroeconomics can revaliple parallel decisiomaking
systems that are characterizable through sophisticated behavioral tefatidighat highconflict
economic decisions (encountering expensive offers for highly desired rewards) operationalizes a
sophisticated level ofatisions, particularly those related to smhtrol, not weHmodeled in
animalsuntinowluse this economic scenario to operation
k nowi n gi abdethattméce d@re able to behaviorally communicate this comflagparate
decision valuations to ukcharacterize this conflict in two distinct deliberative and foraging
valuation algorithmsl. then demonstrate the utility of this approach in assthblished mouse
model of addition (based on work in the Thortasand others) comparing effects of two
different classes of drugs of abuspsychostimulants (cocaine) vs. opiates (morphinst how
these sophisticated level of conflict decisions might be uniquely disrupted in separate addiction
models in micé where the vast majority of studies comparing such drugs using simple tests of
value report similar behavioral dysfunctions. Whilo not directly model addiction per se
(compulsive maladaptive driggpeking behaviors) since mice tested on this task akmga
decisions in pursuit of natural food rewartig)stead examine how druglated experiences,
which can leave profound lasting plasticity changes in the brain even throughout prolonged
abstinence, can uniquely disrupt the ways in which these types-obs¢ibl decisions are made.
For, little is know about how these types of decisions can be modeled ihuraan animals,
which brings much needed face validity to approximate the types of complex decisions recovering
human addicts struggle with before relapsindiscover that abstinence from chronacaine vs.
morphine exposure produce dissociable Hagling disruptions in separable deliberative and
foraging valuation algorithms during these high

12



T I'n the ninth chapt er 6 stesdorthe gapstoneldeniorssatiomofc h, whi ch
multiple, parallel decisioomaking systems building off of the rest of the earlier chapters of this
thesis,| directly interrogate the functional consequences of synaptic remodeling in specific circuits
(the glutamaterig infralimbic to accumbens shell circuit) on distinct aspects of neuroeconomic
valuationsl use optogenetics in mice trained on this novel variant of the Restaurant Row task in
order to interrogate a projecti@pecific corticostriatal circuit using agsiticity manipulation
delivered-l aoet el priofut si ddiscavérthihvadaldeta irmducal t est i n
long-lasting changes in setfontrol related foraging valuations independent of deliberative
valuations measured within the same tilimportantly, these changes mimic disrupts seen in
morphineabstinent mice, but not cocatadstinent mice. Furthermore, this type of circuit
plasticity change has been reported to occur following triggers of relapse that might move an
individual into a deisionvulnerable statd.also developed a novel circtdpecific plasticity
measurement tool and reveal that individual differences cispéitific synaptic strength can
explain behavioral variability of setfontrol in foraging valuations but not deditative valuations.

1 Intheeleventhchapter, | conclude with a synthesis of the discoveries presented in this thesis. |
discuss the implications for an emerging field in mental health clinical practice, Computational
Psychiatry, which strives to resoldéesease heterogeneity by moving away from pure
symptomology as a method for disease diagnosis and treatment toward biomarkers that reflect
disruptions in heterogeneous underlying neural computations that give rise to behavioral
dysfunction. The collectivevork presented in this thesis directly speaks to the mission of
Computational Psychiatry and helps pave a way forward for the field of translational neuroscience.

Taken together, in this theslsse neuroeconomics to reveal novel insights into the texityp and

diversity with which the brain processes value, how multiple parallel degisaiing systems are

conserved across species over evolution, how carefully designed behaviors can more accurately reflect
those dissociable underlying neural compotagj how circuidissection studies can better take these

concepts into consideration in refining ciregiecific computational processes, all in service of elucidating
fundamentally distinct ways in which the different decisions we make can go wroagrimpsychiatric

illnesses. The work presented in this thesis has direct implications for how novel therapeutic treatments will
likely need to be tailored to the individual in a cirecitmputatiorspecific manner, for much of the current

state of neuropsyiatric disease treatments, let alone diagnoses, do not speak to the underlying neural

computational dysfunction that may be a disease driver in one individual but not another.
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¢ OriginalResearclix

Abstract

Regret can be defined as the subjective experience of recognizing a mistake has been made and a better
alternative could have been selectétle experience of regret is thought to carry negative utilitys
typically takes two distinct forms: augmentimgmediate postegret valuatioato make up for losses; and,
augmenting londerm changes in decisiemaking strategies to avoid future instances of regret altogether.
While theshortterm changes in valuatidrave been studied in human psychologgpnomics, neuroscience,
and even recently in nonhumarimate and rodent neurophysiology, the latter {targn process has
received far less attention, with no reports of regsatidance imornthumandecisionmaking paradigmd.
trained 31 mice in a noVv&ariant ofthe Restaurant Row economic decisioraking taskin which mice
make decisions of whether to spend time from a limited budget to adbieteewards of varying costs
(delays). Importantly tested mice longitudinally for 70 consecutive dayswhich the task providettieir

only source of food. Thus, decision strategies were interdependent botb#sals anddays.| separated
principal commitment decisions from secondarevaluation decisions across space and time and found
evidence forregretlike behaviors following changef-mind decisionghat corrected prior economically
disadvantageous choicdmmediately followed changef-mind events, subsequent decisions appeared to
make up for lost effort by altering willingness to wait, dexisspeed, and pellet consumption speed,
consistent with past reports of regret in rodeAis.mice were exposed to an increasingly rewsarce
environment) found they adapted and refined distinct economic decisiaking strategies over the time
coure of weeksto maximize reinforcement rate. Howevéralso found that even without changes in
reinforcement rate, mice transitioned fram early strategy rooted in foraginp a strategy rooted in
deliberation and planning thatevented futureegretinducingchangeof-mind episodesdrom occurring.
These data suggeshat mice are learning to avoid future regrieilependent of and separate from
reinforcementatemaximization.
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Introduction

Regretful experiences comprise those where an individual recognizes he or she could have made a better
decision in the past. Humans assert a strong desire to avoid feeling Zegtenhbergnd Pieters 2007)

Regret can have an immediate impact on influencing subsequent valuations, but it can also motivate
individuals to learn to avoid future regigtovoking scenarios altogeth@oricelli et al. 2005)Recently,

the experience of regrbs been demonstrated in nonhuman animals, sharing principal neurophysiological
and behavioral correlates of regret with hum@teiner and Redish 2014; Abe and Lee 208bwever, it
remains unclear if nonhuman animals are capable of learning froet re@rder to avoid recurring

episodes in the future.

Counterfactual reasoning, or considering what might have been, is a critical tenet of experiencing regret
(Epstude and Roese 2008; Byrne 2002is entails reflecting on potentially better altdivas that could

have been selected in place of a recent decision. Thus, owning a sense of choice responsibility and
acknowledging error of oneds own agency is central
often report a change in mood asuyment subsequent decisions in an attempt ajusgification or in

efforts to make up for their lossésrydman and Camerer 2016; Coricelli and Rustichini 201i0¢se

immediate effects of regret on behavior describe a phenomenon distinct frontidimetimat individuals

will also learn to take longitudinal measures to avoid future scenarios that may induce regret.

Neuroeconomic decisiemaking tasks offer a controlled laboratory approach to operationalize and
characterize decisiemaking processemparable across speci@ickhaut and Rustichini 2009;

Kalenscher and van Wingerden 2011; Loewenstein et al. 2008; Rangel et al R&&8jtly, a study by

Steiner and Redish reported the first evidence of regret in rodents tested on a spatiathegisigriask
(Restaurant RowsSteiner and Redish 2014 this task, fooetestricted rats were trained to spend a limited
time budget earning food rewards of varying costs (delays) and demonstrated stable subjective valuation
policies of willingness tavait contingent upon cued offer costs. In rare instances when rats

disadvantageously violated their decision policies and skipped low cost offers only to discover worse offers

15



on subsequent trials (e.g., made rdvieusewadsiiceandmi st akes
displayed corrective decisions that made up for lost time. These behaviors coincided with neural

representations of retrospective missed opportunities in the orbitofrontal cortex, consistent with human and
nonhuman primate reportf o count er f-lmweb ea h 0 Ai me p Sieisee and Retlish @014

Coricelli et al. 2005; Abe and Lee 2011; Camille et al. 2004; Sommer et al. 2009; Steiner and Redish

2012) While these data demonstrate that rats are responsive to the ineetiiats of regret, the regret

instances were too sparse to determine whether rats also showaerforgpnsequences of these regret

phenomena. Thus, it remains unknown if nonhuman animals are capable of learning from such regret

related experiences, ag open the question of whether nonhuman animals adopt longitatiznagjes in

economic decisioimaking strategies that prevent future instances of regret from occurring in the first

place?

In the present study (Figugel), | trained foodrestrictedmice to traversea square maze with four feeding

sites (restaurantseach with unique spatial cyesach providing a different flav@Figure2.1B). On entry

into each restaurant, mice were informed of the delay that they would be required to waih¢ofged t

from that restaurantn this novel variant of the Restaurant Row tasch restaurant containedo distinct

zones: an offezone and a waitone Mice were informed of the delay on entry into the offer zone, but

delay countdowns did not begintilnmice moved into the wait zon&hus, in the offer zone, mice could

either enter the wait zone (to wait out the delay) or skip (to proceed on to the next restaurant). After making
an initial enter decision, mice had the opportunity to make a secoreevgluative decisioto abandon

the wait zoneduit) during delay countdownsgust like rats, mice revealed preferences for different flavors

that varied between animals but were stable across days, indicating subjective valuations for each flavor
were ugd to guide motivated behaviors. Varying flavors, as opposed to varying pellet number, allowed us
to manipulate reward value without introducing differences in feeding times between restaurants (as time is
a limited commodity on this task). Costs were miead as different delays mice would have to wait to earn

a food reward on that trial, detracting from their
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Figure 2.1: Novel variant of Restaurant Row adapted for mice testedtlatigally
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(A) Experimental timeline. Mice were trained for 70 consecutive days earning their only source of food on tt
Stages of training were broken up into blocks where the range of possible offers began in-ackwardronment

(all offers were always 1s, green epoch) and escalated to increasingly-soaecd environments (offer ranges

1-5s, 315s, 130s). (B) Task schematic. Foodstricted mice were trained to encounter serial offers for flavc
rewards i n f ouauranitflave ana location wese. fived &d signaled via contextual cues.

restaurant contained a separate offer zone and wait zone. Tones sounded in the offer zone; fixed tone pitcl
delay (randomly selected fwoudnhave toavait inbtHe avaitkzdne. Tané (hite
descended during delay ficountdowno if mice chos:
restaurant during the countdown, terminating the trial. Mice were tested daily for 6Ciriixample session (frorr
the £30s red epoch) with individual trials plotted as dots. This representative mouse entered low delays anc
high delays in the offer zone, while sometimes quitting once in the wait zone (black dots). Dashed vertic

represent calculated offer zone (green) and wai

were measured from the inflection point of fitting a sigmoid curve to enters vs. skips or earns vs. quits as a

of delay cost.

17



budget. Delays were randomly selected between a range of offers for eadlotrés.sounded upon
restaurant entrywhose pitch indicatedffer cost, and descended in pitch stepwise during countdowns once

in the wait zone.

Taken together, in this task, mice must make serial judgements ing@asetf manner weighing subjective
valuations for different flavors against offer costs, balancing the economic utility of sustaining overall food
intake against earning more rewardsafesirable flavor. In doing so, cognitive flexibility and smihtrol

become critical components of decisioraking valuation processes in this task assessed in two separate
stages of decision conflict (in the offer and wait zonksportantly,becausenice had 1hto work for their

sole source dfood for the daytrials on this task were interdependent both within and across days

Therefore, this was an economic task in which time must be budgeted in order to becauificelfit

across daydere,| tested mice for 70 consecutive days. Thus, the key to strategy development on this task
is the learning that takes place across days, for instance, when performance on a given day produces poor
yield. Monitoring longitudinal changes in decisiaraking stategy can provide novel insight into regret

related learning experiences.

Methods

Mice

31-C57BL/J6 male mice, @&eeks old, were trained in Restaurant Row. Mice were simglsed in a
temperatureand humiditycontrolled environment with a #2-light/12-hr-dark cycle with water ad

libitum. Mice were food restrictetd a maximum of 85% free feeding body weight trained to earn their
entire dayoés f oehdRestauraritRow sedsion. Expariments wererappoved by the
University of Minnesta Institutional Animal Care and Use Committee. Mice were tested at the same time
every day in a dintit room, were weighed before and after every testing session, and were fed a small post
session ration in a separate waittctgamber on rare occasionspieevent extremely low weights according

to IACUC standards (not <85% fréeeding weights)Previous studigusing this task yielded reliable
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behavioral findings with minimal variability in at least sample sizes dfnodentgSteiner and Redish

2014)

Pellet training

Mice underwent 1 week of pellet training prior to the start of being introduced to the Restaurant Row maze.
During this period, mice were taken off of regular rodent chow and introduced to a single daily serving of
BioServ full nutrition ® mg dustless precision pellets in excess (5g). This serving consisted of a mixture of
chocolate, banana grape, and plainflavored pellets. Next, mice (hungry, before being fed their daily

ration) were introduced to the Restaurant Row maze 1 daytpribe start of training and were allowed to

roam freely for 15 min to explore, get comfortable with the maze, and familiarize themselves with the
feeding sites. Restaurants were marked with unique spatial cues. Feeding bowls in each restaurant were

filled with excess food on this introduction day.

Restaurant Row training

Task training was broken into 4 stages. Each daily session lasted for 1hr. At test start, one restaurant was
randomly selected to be the starting restaurant where an offerwas made ifmint er ed t hat r est .
shaped offezone from the appropriate direction in a cowtleckwise manner. During the first stage (day
1-7), mice were trained for 1 week being given only 1s offers. Brief low pitch tones (4000Hz, 500ms)
sounded upon entiinto the offerzone and repeated every second until mice skipped or until mice entered
the waitzone after which a pellet was dispensed. To discourage mice from leaving earned pellets uneaten,
motorized feeding bowls cleared any uneaten pellets tggurantexit. Left over pellets were counted

after each session and mice quickly learned to not leave the reward site without consuming earned pellets.
The next restaurant in the countdockwise sequence was always and only the next available restaurant
where an offer could be made such that mice learned to run laps encountering offers across all four
restaurants in a fixed order serially in a single lap. During the second stagel@pyn8ce were given

offers that ranged from 1s to 5s (4000Hz to 5548R387Hz steps) for 5 days. Offers were pseudo

randomly selected such that all 5 offer lengths were encountered in 5 consecutive trials before being re
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shuffled, selected independently between restaurants. Again, offer tones repeated every secofidrin the
zone indefinitely until either a skip or enter decision was made. In this stage and subsequent stages, in the
wait-zone, 500ms tones descended in pitch every second by 387Hz steps counting down to pellet delivery.
If the waitzone was exited at anpint during the countdown, the tone ceased and the trial ended, forcing
mice to proceed to the next restaurant. Stage 3 (ddy L8onsisted of offers from 1s to 15s (4000Hz to
9418Hz) for another 5 days. Stage 4 (day/03 offers ranged from 1s to 30%000Hz to 15223Hz) and

lasted until mice showed stable economic behaviarsed 4 Audiotek tweeters positioned next to each
restaurant powered by Lepy amplifiers to play local tones at 70dB in each restargenitded speaker

quality to verify frequeay playback fidelityl used Med Associates 20mg feeder pellet dispensers and 3D
printed feeding bowl receptacles fashioned with rsiivos to control automated clearance of uneaten

pellets. Animal tracking, task programming, and maze operation was pblyenyMaze (Stoelting).

Mice were tested at the same time every day in aliimom, were weighed before and after every testing
session, and were fed a small pssssion ration in a separate waiting chamber on rare occasions as needed

to prevent exemely low weights according to IACUC standards (not <85%fieding weights).

Statistical analysis

All data were processed in Matlab and statistical analyses were carried out using JMP Pro 13 Statistical
Discovery software package from SAS. All dataexpressed as mean 4/standard error. Sample size is
included in each figureNo data were lost to outliers. Offer zone thresholds were calculated by fitting a
sigmoid function to offer zone choice outcome (skip vs. enter) as a function offer lengthtfiaits in a

single restaurant for a single session and measuring the inflection point. Wait zone thresholds were
calculated by fitting a sigmoid function to wait zone choice outcomes (quit vs. earn) as a function of offer
length for all entered trial® a single restaurant for a single session. For dynamic analyses that depend on
thresholds, analyses at each t i me Statistical signiScande t ha't
was assessed usi agy, teaway andhrepéiesl measures ANOYASISIm meuse as a
random effect in a mixed mode&ljth posthoc Tukey t tests correcting for multiple comparisons.

Significance testing of immediate changes at block transitions were tested using a repeated measures
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ANOVA between 1 dapre and 1 day post transition. These are indicated by significance annotations
below the xaxis on relevant figures. Significance testing of gradual changes within block were tested using
a repeated measures ANOVA across all days within a given bloclooh ephese are indicated by

significance annotations within the plot either directly above or below the data centered within the epoch of
interest. If interactions between conditioned were tested (e.g., x rank), these are reflected by multiple
significanceannotations either below theaxis or within the plot, respectively. The period of

renormalization was estimated based on animaidselén performance improvements in th&ds block

and not imposed on the animals by experimenters nor the protoaph de@sinormalization was

characterized by identifying the number of days in #894 block after which total pellet earnings and
reinforcement rate reliably stabilized (within a sliding&®y window) and was no different from

performance in relatively reavd-rich environments collapsing across the first three training blocks. This

was estimated to be approximately by day 30 of the experiment.

Results

How mice were trained on the Restaurant Row task allowed us to characterize the development of and
changesn economic decisiomaking strategies. Mice progressed from a rewantito a rewarescarce
environment in blocks of stages of training across days (FRyurd. Each block was defined by the range

of possible costs that could be encountered whensoffere randomly selected on the start of each trial
upon entry into each restaurantés offer zone. The
were always 1s (Figur2 1A). During this time mice quickly learned the structure of the taestgiming
self-sufficient and stabilizing number of pellets earned (FiQL2d\), reinforcement rate (Figu&2B), and
number of laps run (Figur22C).Flavors were ranked from least preferred to most preferred based on total
pellet earnings in each restant at the end of each sess{éigure2.3A). During this first block, mice

rapidly developed stable flavor preferences and learned to skip offers fpréésged flavors and enter

offers for morepreferred flavors, entering vs. skipping at roughlyagates overall, while rarely quitting

(Figure2.2D-E, Figure2.3A-E). The second block (yellow epoch) spanned 5 days where offers could range
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Figure 2.2: Changes in economic decisions in an increasinglyard-scarce environment
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(A-B) Primary dependent variables: total earned food intake (A) and reinforcement rate (B, measured as
time between earnings). Transition to thdk block caused a significant decrease in food intakesamfdrcement

rate. By approximately day 32, food intake and reinforcement raterrealized back to stable baseline leve
compared to previous testing in rewaith environments. The epoch marked in pink defines thimrealization

to baseline and issed throughout the remaining longitudinal plots. (C) Number ofpseiéd laps run (serially
encountering an offer in each of the four restaurants). (D) Proportion of total offers entered vs. skipped. Hc
dashed line represents 0.5 level. (E) Prtipn of total enters earned vs. quit. Horizontal dashed line represen:
level. (F) Economic decision thresholds: offer zone and wait zone choice outcomes as a function of cost. Hi
dashed lines represent the maximum possible threshold inbeloh ¢ k . Data are prese
daily means (x1SE) across the entire experiment. Color code orattie reflects the stages of training (offer cc
ranges denoted on the top of panel A). Vertical dashed lines (except pink) represdmociffeansitions. * on the
x-axis indicates immediate significant behavioral change at the block transition, otherwise * indicates
significant changes within the30s block during either the 2wk adaptation period or pink epoch.
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Figure 2.3: Subjective flavor preferences and longitudinal economic decision processes
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Flavors were ranked from least preferred to most preferred based on total pellet earnings in each restaur
end of eaclsession. (A) Pellets earned in each restaurant show early development of flavor preferences th:
throughout the entire experiment. (B) Percentage of offers entered. Horizontal dashed line indicates-H)Q¢
Total number of trials entered (Ckigped (D), and quit (E). (F) Percentage of entered offers quit. Horizontal de
line indicates 50%. (&) Offer zone behaviors for enter (G, time; |, VTE) and skip (H, time; J, VTE) decisions
Time spent in the wait zone during tone countdown bejaiting. (L) Time spent in the wait zone consuming
earned food pellet and lingering near the reward site before advancing to the next tNalOffér zone (M) and
wait zone (N) thresholds. Horizontal dashed lines represent the maximum possidbielthireeach block. (O) Offer
zone inefficiency ratio. Offer value (VO) = wait zone thresfiabdfer cost. Probability of entering negatively value
offers relative to the probability of skipping negatively valued offers. Horizontal dashed line ingigateslent

1:1 ratio of entering vs. skipping negatively valued offers. (P) Wait zone inefficiency ratio. Value of time

countdown at the moment of quitting (VL) = wait zone thresliotsbuntdown time left. Probability of quitting
negatively valueddffers when VL was positive relative to when VL was still negative. Horizontal dashed
indicates equivalent 1:1 ratio of quitting inefficiently vs. efficiently. (Q) Rewsarthing optimality. Proportion of
pellets mice actually earned in each restauralative to modeéstimated maximal predicted earnings. Horizon
dashed |ine indicates 100% opti mal earnings. Da
the entire experiment. Color code on thaxis reflects the stages oaiming (offer cost ranges denoted on the t
of panel A). Vertical dashed lines (except pink) represent offer block transitions. * catfeirdicates immediate
significant behavioral change at the block transition. * on tHagix in (GP) indicates ignificantly inefficient

decisions (above the 1:1 efficiency ratio line). Otherwise, * indicates gradual significant changes with@®sh
block during either the 2wk adaptation period or pink epoch. Not significant (n.s.).
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between 15s. The third blok (orange epoch) spanned 5 days where offers could range betdBen 1

Lastly, the fourth and final block (red epoch, beginning on day 18) lasted until the end of this experiment
(day 70) where offers could range betwee30%. Note that because the enftad a limited 1hr time

budget to get all of their food for the day, these changes in offer distributions produced increasingly
rewardscarce environments that required more complex strategies to maximize, or merely maintain, rate of

reward.

Somewhat suarisingly, beginning on day 1 of trainingifound thatmice, after earning and consuming

food pellets on the Restaurant Row task, often lingered at the reward site before advancing to the next trial

at the next restaurarnterestingly rodents typically spent50% of the entire br testing session engaging

in this lingering behaviofFigure2.4A, t=14.66,p<0.000). Thedecision to lingenear the reward site

rather than leave may represemstt@ngconditionedplacepreferencdike effect associated with each

rest aur aspatidlontaxt(Cladg etal. 2012Y hi s deci si on depl etes an ani
budget and comes with the cost of impeding earning a subsequent reward at the next restaurarnt since self

paced trials arenterdependent. Thus, decisions to linger indeed reflect a valuation process.

The value of a reward can be assessed in multiple ways. Often, this is measured in an instrumental manner,
ashow willing a subject is to take a reward (e.g., measured in arduvesources spent, effort expended,

number ofreward opportunities seizedr behavioral invigoratiomhile retrieving rewards These

behaviors aresometimes referred to as rewaekeking, reward a k i n g, or fAw@eridgengo valu
1996) Theseen be separated from more gener al hedonic val
measured postonsumptior(Berridge 1996)0On this task, postonsumption lingering behavior occaifter

a reward has been earnadere no overt reward is bgjrsought outThus, these valuations appéstinct

fromrewardt a ki ng or A wathat mag gcéur durind affer zohecand wait zone decisions

beforea reward is earned. Therefore, lingering behavior may reflect a distinct, although relatatipwalu

embedded in contextual Pavlovian associat{@esridge 1996; Clark et al. 2012)
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Figure 2.4: Allocation of a limited time budget among separable decision prozesse
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the next restaurant. (F) Average time spent traveling in the hallway between restaurants between trials (frc
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presented as the cohortés (N=31) daily me aaxssefl¢cl
the stages of training (offer cost ranges denoted on the top of panel A). Vertical dashed lines (except pink) |
block transitions. * on the-gxis indicates immediate significant behavioral change at the block transition, othe
* indicates gradual significant changes within thg0k block during either the 2wk adaptation period or pink epc
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Evidence for ths is garnered by the fact that mloeered longegafter earning a reward higherpreferred
restaurantsKigure2.3L, F=36573p<0.000). Thus, the context of a specific restaurant may be able to
communicate such Pavlovian associations. This matchdsgher frequency of offer zone enter decisions
and wait zone earn decisions made in higher preferred restaurahtsillldemonstrate later, context
associated Pavlovian valuations that may be promoting lingering may similarly carry added weight in
pronoting offer zone decisions to enter and wait zone decisions earn. So, while these three decision
processes enter vs. skip in the offer zone, earn vs. quit in the wait zone, and linger vs. leave the reward
siteT may be in register with the ordinal rangionf revealed subjective preferences of each restaurant, they
remain fundamentally distinct behavioral computations (Fi@usg The importance of these distinctions

will become apparent when separable learning processes interact with each of theseabehavi

computations uniquely.

Upon transitioning to the-30s offer block, mice suffered a large drop in total number of pellets earned
(Figure2.2A, repeated measures ANOVPRA:9.46,p<0.01) and reinforcement rate (increase in time

between earnings, Figug2B, F=253.93 p<0.0001). With this came a number of changes in decision
making behaviors that took place immediately, on an intermediate timescale, and on a delagethlong
timesale. Decreases in food intake and reinforcement rate were driven by an immediate significant
increase in proportion of total offers entered (Figi&D, F=56.10,p<0.0001) coupled with a significant
increase in proportion of entered offers quit (FigeE, F=472.88 p<0.0001) as mice experienced long
delays in the wait zone for the first time. This suggests that mice were apt to accept expensive offers in the
offer zone even though they did not actually earn those offers in the wait zone E&Ly@,+J). This

also suggests that choosing to enter versus skip in the offer zone and choosing to opt out of waiting in the
wait zone may access separate valuation algorithms in addition to being physically different action

selection processes.

lguanti fied this disparity in economic valuations

willingnessto-enter in the offer zone and willingnesswait in the wait zone as a function of offer cost.
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Figure 2.5: Independent valuati@eacross offeizone, waizone, and postarn lingering behaviors
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Figure 2.6: Decision outcomes as function of offer costs across training
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Each of these thresholds can capture distinct subjective economic valuations of a given reward offer
(Figure2.7, Figure2.8). Following the 130s transition, offer zone thresholds significantly increased
(maxed out at ~30s) and became signifilyahigher than wait zone thresholds (Figa@r@F, offer zone
changefF=151.65,<0.0001; offer zone vs. wait zore=59.85,p<0.0001). Furthermoré,found that
these immediate behavioral changes were more robust in higher preferred restaurants,guggestin
asymmetries in subptimal decisiormaking strategies upon transition from a rewactl to a reware

scarce environment were dependent on differences in subjective valuation algorithmsZBigjtie

Because performance on this task served as thesontge of food for these mice, decisimaking

policies that might have been sufficient in rewaah environments must change when they are no longer
sufficient in rewarescarce environmentsfound that mice demonstrated behavioral adaptations oe@r th
weeks following the transition to the3Ds offer range so that by approximately day 32, they had

effectively restored overall food intakBigure2.2A, change across 2wkE=355.21,p<0.0001; posRwks
compared to baselin€=0.80,p=0.37) andeinforcement rates-{gure2.2B, change across 2wks:
F=183.68,p<0.0001; poskwks compared to baseline=0.24,p=0.63) to baseline levels similar to what

was observed in a rewarith environmentiigure2.2A-B). Note that the restored reinforcemenesat
renormalization indicated by the pink epochrigure2.2 was not imposed by the experimenters, but was
due to seHpaced changes in the behavior of the mice under unchanged experimental rules (red epoch, 1

30s offers).

Mice accomplished this by rummg more laps to compensate for food Idagyre2.2C, F=221.61,
p<0.0001) without altering economic decisioraking policies. That id,observed no changes in
thresholds during this 2wk perio&igure2.2F, F=2.57,p=0.11). By entering the majority offefs
indiscriminately with respect to cogtigure2.2D, proportion trials entered > 0.6:31.22,p<0.0001,
Figure2.3C), mice found themselves sampling more offers in the wait zone they were unwilling to

completely wait for, leading to an increase inttjog (Figure2.2E, F=55.37,p<0.0001,Figure2.6G).
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Figure 2.7: Offer value defined by zone thresholds
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The relative value of an offer on a given trial
daily threshold. That is, Value = Threshél®ffer. The value of an offer in the offer zone vs. the value of an @
in the wait zone cabe calculated by using the offer zone and wait zone threshold in the above equation, respe
Stages of training are depicted acrossD(A split by the subjective preference ranking of each restaurant.
vertical dashed black lines indicate 15sasfand the horizontal dashed black lines indicate 0 value (where the
of a given trial is equal either to the offer zone or wait zone thresholds). The red bounds in (A) and (B) indi
bounds of possible value scores during those training bifizgk&arly-1-30s training, offer value computed relativ
to offerzone thresholds were always higher than relative tozeaie thresholds, in all restaurants:1§2s<0.0001,
ANOVAS). (B) Late1-30s training, offeizonethresholdderived value was highehan waitzonethreshold
derived value more so in higher preferred restaurants but not in least preferred restassatiiss€0.0001,Paso-
70,high<0.001,Pd60-70,0w<0.05,Pde0-70,eas>0.05, ANOVAS).
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gure 2.8: Offer zone value vs. wait zone value definitions of good and bad deals
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These plots illustrate threlationship between offeronethresholdderived value and watonethresholdderived
value, particularly highlightinghe disparity between indifference points (zero vallrthermore, these plot:
illustrate four different types of economic scenarios in each of the four quadrants and allow for the operationi
of relatively fAgoodo wvasn.d fibnadioh ed ewaalist izno nteh et hoaftf,
economic behavior, indicate what deci sions one
small colored squares that indicate whether or not a given decision outcora¢ éeaghomic scenario (color) i:
either a hit, miss, falsa alarm, or correct rejection, to use Signal Detection Theory terminology (for use in Fi¢
X6s in these colored boxes denote i f t ha tdiagecntlied
dashed line as well as the red circle at the origin indicate ideal circumstances where both offer zone valua
wait zone valuations are in register with each other. Note the changes #BMEAC), upon transition to a rewar:
scare (1-30s) environment, offer value in the offer zone deviates from the red line in all restaurants. The
visualization of this is noticing the downward deviation from the red circle at the originEirofer zone and wait
zone valuations are iregister at zero values; in C, offer zone values are greater than wait zone values
restaurants). After extended training in (D), lesser preferred restaurants migrate back upward toward the ori
so than higher preferred restaurants, where fagtrred restaurants indifference points are back in register ir
offer zone and wait zone. Because wait zone thresholds determine the distributions of offer costs where
was actually earned or not, offer value calculated using wait zonédfateds a more appropriate metric of offt
value.Error-bars +1 SEM.
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Becoming accustomed to selecting default responses in a reskarhvironment where offer cost is

irrelevant can become problematic when suddenly transitioning into a novel reveaio@ environment.

The significant decrease in food intake and reinforcement rate observed upon transition30<ttodfér

block (Figure2.2A-B) can be entirely explained by a loss of earnings in solely the most preferred restaurant

driven by adheringo precostchange decision policiefigure2.3A, F=20.75p<0.0001).

Economic theory of demand elasticity posits that purchase behaviors for luxury items respond most

robustly to increases in market prices such that individuals become less capalilagtorgontinue

purchasing such goods if fixed with the same inc¢va@ Wingerden et al. 2015)hat is, more preferred

goods are usually the more elastic ones. Conversely, highly inelastic goods are those that do not respond as
much to price changemd often reflect either essential or lesser preferred goods. Using pellets earned in
each restaurant as our primary dependent variable, mice were unable to continue to afford earning most
preferred pellets in a rewastarce environment in the same amdhat they were previously accustomed

to in rewardrich environmentsKigure2.3A). Therefore, most preferred flavors were most elastic in that

they suffered the largest change / drop in pellet earnings. However, the reasoning for this appears to be due
to decision policies that did not change. From this perspectivesgatehange decision policies that

remain unchanged, or even stubborn and resist change, in an increasinglyseavaedenvironment can

reveal interesting complexities of demand elastittieory and decision processes.

Our data reveal demand elasticity asymmetries in mouse economic strategies as a function of subjective
flavor preferences following an unexpected price change when monitored longitudinally. Demand elasticity
is well-studied in human microeconomics, however, animal neuroeconomics has only recently started to
explore the decisiemaking phenomena underlying demand elasticity. A recent neuroeconomics study in
rats on a different task demonstrated similar aspects of demamy tiedasticity where budget

constraints interact with subjective flavor preferences when reward prices escalated depending on whether
or not an individual budget is compensated with changing ¢emtisWingerden et al. 2013jlere, in the

present study, because mice were allotted the same 1 hr time budget that remained fixed across the
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transition from rewardich to rewardscarce environments (and thus went uncompensated) and because
mice were tasked with earning their onlysze of food for the day interdependent across days, mice
consequently suffered an initial loss in food intake. This was largely due to adhering to preeatrsy

default decision policies in each restaurant that become insufficient in a rseeaogenvironment and

thus was apt to produce poor yield. As a result, mice were pressured to augment decision strategies over
subsequent days / weeks. A major advantage in the present study is the longitudinal nature of this
neuroeconomic task. To date, no aaimeuroeconomic studies have reported a longitudinal account of

how subjective valueriven demand elasticity theory manifests over (ajgpiee-change behaviors, (b)
immediate negative consequences of unexpected price change, and (c) interiméoligtterm strategy
changes that learn to adapt in agel€ed manner and learn to work with a fixed, uncompensated time

budget.

Immediately following the transition to-30s offers, the significant increase in quittinthat is, investing a
greater portiorof a limited time budget waiting for rewards that are ultimately abandioapgears, at face
value, to be a wasteful decisiomaking strategy. Yet mice were able to restore food intake and
reinforcement rates using this stratelggharacterized how micalocated their limited time budget and
guantified time spent among various separable behaviors that made up the total 1hr sessidh4Jigure

first calculated the percent of total budget engaged in making offer zone decisions to skip vs. enter, wait
zone decisions to quit vs. earn, pearn consumption behaviors, and travel time between restaurants
(Figure2.4A). | also calculated the average time spent engaged in a single bout of each decision process
(Figure2.4B-F). The percent of total sessiomé allocated to quit events (FigutelA, F=306.72,

p<0.0001), as well as average time spent waiting before quitting (FR2glteF=44.21,p<0.0001)

significantly increased immediately following the transition 180k offers. Thus, time spent waitingtire

wait zone before engaging in changfemind behaviors drove the immediate decrease in reinforcement
rates and overall loss of food intake. Note that this waiting and then quitting behavior entails investing time

that provided no reward. Over the subsent 2 weeks, time spent waiting before quitting significantly
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decreased as mice restored food intake and reinforcement rates gHigiue=781.55p<0.0001). This

suggests that mice learned to quit more efficiently in the wait zone.

| calculated ecomuic efficiency of wait zone quits (Figu&9B) by measuring how much time was

remaining in the countdown at the moment of quittin
these 2 weeks, mice learned to quit in a more economically advansagaouner before excess time was

invested. That is, mice learned to quit while the time remaining in the countdown was still above wait zone
thresholds (Figur@.9B, F=64.00,p<0.0001, Figur@.3P, Figure2.10), avoiding quitting at a timepoint

when it woull have been advantageous to otherwise finish waiting. This suggests that wait zone quit re

evaluations were corrective actions that opposed erroneous principal valuations in the offer zone.

Interestingly, mice struggled to learn to quit efficiently inrmpreferred restaurants, reflecting a reluctance

to apply adaptive optut foraging strategies in situations with high subjective valuation biases (Figure

2.3K,P).I call this a foraging process because it reflects a classiecswelu di ed fiabvaonrdkaodn curr e
decision Ain search of s o Ananahanimagls ibtleetwildelurio)g of t en obse
naturalistic foogseeking behavioréStephens and Krebs 1986)espite increasing changd-mind

efficiency, because the frequency of quit events amxd along this-&eek time course, the fraction of the

session budget allocated to quit events remained significantly elevated compared to baselin2 4®igure

F=105.90,0<0.0001).

Calculating time spent in the wait zone before qugttieross blocks of training reveal mice generally quit
relatively quickly regardless of offer cost (Fig@@0A-D). Following the transition to the-30s offer

block, I found that mice took significantly longer to decide to quit in the wait zone in meferged
restaurants (Figur 3K, Figure2.10EH, F=200.94 p<0.0001). These data suggest that mice were more
reluctant to change their minds before quitting more preferred offers, demonstrating an aversion to quit
reminiscent of the aversion to leave while lingering. As mice learned to forage more economically

efficiently in the wait zone during the 2wk adaptation periedaemalizing food intake and reinforcement
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Figure 2.9: Distinct decision strategies separately become efficient in the offer zone and wait zone
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Figure 2.10: Economic characterization of waibze strategy across stages of training
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rates, the economic efficiency of quit decisions can be examined by comparing time spent before quitting
against time remaining in the countdown at the moment of quitting, relative to wait zone thresholds (Figure
2.10I-L). Wait zone inefficiencies depicted Figure2.9B following the transition to-BOs offers are

reflected in Figur®.10K (upper left quadrant). Interestinglyfound that mice were more inefficient in

more preferred restaurants and showed more difficulty learning to forage efficiemtbrénpreferred

restaurants (Figur2.3P,F=3.23,p<0.05).This suggests that the conditiorgldcepreferencdike effect
described previously in pestarn lingering time (where no overt reward was being sought), could be

related to the effect during waibne countdowns showing an aversion to quit a rexaastciated context,

where the higher value of more preferred restaurants strongly opposed a learning processes to adapt

economically advantageous foraging strategies.

Previous reports in rats on othexunoeconomic foraging tasks too demonstrate an aversion to leave

potential reward opportunities, which can add weight to reward valuations and actually contribute to sub

optimal decisiongWikenheiser et al. 2013; Carter and Redish 20C6hsistent wittprevious reportd,

found here that mice too behaved largely-spiimally in this variant of the Restaurant Row task,

particularly due to added weight in aversions to leave that scaled with subjectively preferred flavors. First,

it should be worth mentiong that it can be argued that the fact that mice would be willing to work

differently for various flavored pellets of the same caloric value at the expense of not maximizing total food

intake is overtly sumptimal in and of itself. This aside, takingaraccount idiosyncratic differences in

subjective flavor preferencelswanted to characterize how mice went about making economic decisions

using their limited time budget normalized to subjective flavor preferences without making assumptions

about flave value. That is| wanted to quantify how much more saptimal did mice behave separate

from the fact that an individual mousedbds goal mi ght
each individual 6s i di os )takeniatd dcaounisguabtifieel bowwimicee f | avor v
engaged in a number of economic decision processes that detracted from their total 1hr session time budget

in ways that appeared wasteful and effectively reduced maximum potential earnings within a given flavor,

even after taking into account their subjective flavor preferences.
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| generatedacomputerod el t hat si mul ated Restaurant Row sessi
behaviors in order to calculate maximal predicted pellets a mouse could earn inveaalegiaurant on a
givendaylused each animal dés daily wait zone threshol ds
individual differences in idiosyncratic subjective flavor preferences. Howkiratructed the model to

minimize timeexpenditurée nef f i ci enci es and used each ani mal 6s be
predict maximum yield (i.e., bottom quartile offer zone reaction time, no quits, minimal consumption and

lingering time, and minimal betweearstaurant travel time). Because diffieces on most of these metrics

exist along the leadb-most preferred flavor ranking axis (e.g., aversions to quit or linger that scaled with

ranking),l expected to find asymmetries in saptimal behavior across the differently ranked restaurants.

| wassurprised to find that mice were more syttimal in less preferred restaurants than in more preferred
restaurants across the entire experiment (Figw@®, F=491.22p<0.0001) even though mice tended to
engage in more fAwast defradlredtaulamsh Reshaps mose tellimg adimgrdrer  pr e
expected| found upon transitioning to the30s offer block, there was a significant interaction between
flavor rankings across days on sojstimal performance (Figur23Q,F=13.57p<0.0001). Mice became

more suboptimal in the most preferred restaurant immediately following the block transition while
becoming gradually more optimal in less preferred restaurants (more robust changes in lesser preferred
restaurants) over the subsequent two weeks. The irateathange in optimal performance in the most
preferred restaurant (decreased optimality) coincided with the immediate loss in food intake mice
experienced while the slower change in optimal performance in lesser preferred restaurants (increased
optimality) coincided with the intermediate foraging strategy learning that took place to adapt to a reward
scarce environment and-nermalize overall food intake and reinforcement rates back to levels similar to
baseline in rewardich environments. This is remsétent of notions of demand elasticity theory and ways

in which stubborn preostchange decision policies for luxury goods that remain unchanged in the face of
an increasingly rewardcarce environment can lead to immediately drastic changes in optimality

After mice successfully restored food intake and reinforcement rates by refining a foraging strategy,

found a distinct, delayed phase of additional learning that took place with prolonged training in the absence
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of any further changes in food intake (pink epdeigure2.2A, F=1.82,p=0.18), reinforcement rates (pink
epoch,Figure2.B, F=0.01,p=0.95), or laps run (pink epochigure2.C, F=1.54,p=0.21). The proportion

of enterthenrquit decisions decreased ovke remainder of the experimeligure2.E, F=159.30,

p<0.0001) as mice learned to reject offers in the offer zone that they were unwilling to remain committed to
once in the wait zond-{gure2.6D,H). This is reflected in a decrease in offer zone thieshmtil they

were in register with wait zone thresholds by the end of the experiment (pink Eppate2.2F, offer zone
changefF=812.40,<0.0001; offer zone vs. wait zone at day #60.17,p=0.68). As a result, mice learned

to skip more often in theffer zone (pink epoctiigure2.2D, F=116.85,p<0.0001).

| calculated the economic efficiency of offer zone decisions by measuring the likelihood of skipping offers
above wait zone thresholds relative to the likelihood of entering offers above waitteeshold and found

that offer zone decisions became more efficaary during the pink epochHgure2.9A, F=474.94,

p<0.0001). This onset of offer zone efficiency increase was marked by a clear reversal and onset of
decrease in quit frequency and dnsfedecrease in offer zone thresholBiggre2.2E-F). As a result, the
proportion of session budget allocated to quit events declined back to baseline levels (pinkigpoeh,

2.4A, budget quitting changé:=1639.61p<0.0001, day 70 compared to baseliF=0.17,p=0.68). The

only change observed in average time spent per decision across decision processes during this phase of
learning was in offer zone time, which increased over extended training as skip frequency increased (pink
epoch,Figure2.4B, offer zone timeF=490.14 p<0.0001; wait zone quit timé&=0.10,p=0.75; earn time:

F=0.11,p=0.74; linger timeF=0.73,p=0.39; travel timeF=0.01,p=0.94).

Upon closer examination of offer zone behaviors (Figutd),| found marked changes following the 1

30s transition in skip decisions but not in enter decisiocalculated the reaction time from offer onset

until either a skip or enter decisionwas mdde.l s o t r a c k e d-Y-baatoh path trajectaayl 6 s X
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Figure 2.11: Development of deliberative behaviors during principal offer zone valuations
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as they passed through the offer zone. Fromltleisuld capture the degree to which animals interrupted

smooth offer zone parssienstionbéerd vni dirpsa,u slen awmrd d 0 ofkwi car i
erroro (VTE). The physical Ahemmi ng and hawingo cha
changes in velocity vectors of discrete boey positions over time as dx and dy. From thisan calculate

the manentary change in angle, Phi, as dPhi. When this metric is integrated over the duration of the pass

through the offer zone, VTE is measuiadhe offer zones the absolute integrated angular velocity, or

IdPhi, until either a skip or enter decision waad®a Figure2.11A-B, day 70 examples path traces).

VTE is a weltstudied behavioral phenomenon that revealgaing deliberation and planning during
moments of embodied indecision, supported by numerous electrophysiological experiments reporting
concurent neural representations of possible future outcomes compared $Eaplile et al. 2016; Redish
2016; Muenzinger 1956; Tolman 1939; Johnson and Redish .2007TE is thought to represent episodes
of deliberation, planning, and indecision, it woskkm that such processes would particularly appear on a
neuroeconomic task especially in high conflict scenarios in which mice might be torn between tough,
competing options. In this variant of the Restaurant Row tasksdagfiict scenarios emerge parlarly
when mice transition into a rewastarce environment and offers for highly preferred flavors are made
available but at expensive costs. Thus, on this taskg operationalize the conflict between giving into
taking such offers vs. knowing betterforage elsewhere for smarter alternative. A key to interpreting
competing valuations in our task during decistamflict between forwardboking planning and immediate
desiredriven responding is the presence or absence of this critical behaviorial M&E, which has

extensively been studied in a(Redsh20)s of Aproof of p

In 2007, Johnson and Redish discovered that during VTE, hippocampal representations swept forward

along the path of the animal, alternating bestw potential goalflohnson and Redish 200This key

result has been replicated several times. We know that these sequences align to hippocampal theta cycles
(Guptaetal.2012f hat i s, they are fitheta sequlsweepfarthér Howe v

than during normal navigatigiGupta et al. 2012)he sequences proceed all the way to the (@apta et
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al. 2012) If an animal is going to run past one goal to another one, the sequences run farther to the second
goal(Papale et aR016) They reflect indecision in the animal. An animal that knows where to go does not
show VTE and the sequences only sweep forward to the goal the animal is actually going(fagali®

et al. 2016; Johnson and Redish 2007; Johnson et al..2007)

Furthermore, neurophysiologically, during VTE, rewaethted representations appear in the nucleus
accumbens (ventral striatum) and in the orbitofrontal cqi$ésiner and Redish 2012; van der Meer and
Redish 2009a; 20093 oth of these results habeen replicatedStott and Redish 2014)hese data

suggest that there is an evaluation going along with the prediction in hippocampus. Neurophysiologically,
we know that there is a triple dissociation between hippocampus (sweeps during VTE), wéatrad st

(reward representations during VTE), and dorsal striatum (no extra activity during VTE, but slowly learned
situatiorraction pairsvan der Meer et al. 2010)\s animals develop regular paths and VTE goes away, the
dorsal stri atbamn kdkdv enlg®dp svhietreedskn acti vity appears
(Smith and Graybiel 2013This result has been replicat@Rlegier et al. 2015)n both of these papers,

VTE is negatively correlated to the striatal tdskcketing.

Behavioral y, VTE occurs during times when the ani mal
know what to do on it. VTE occurs when the animal is indecisive about goals and when contingencies
changg(Regier et al. 2015; Schmidt et al. 2013; Amemiya and R&tfi§B; Steiner and Redish 2012)
Manipulations that force flexibility in tasks lead to an increase in VTE, while manipulations that force

regularity in paths lead to a decrease in (Gardner et al. 2013Finally, on tasks able to differentiate

at

decis ons that require pl armisregd 0()s d meotm mees i sd lolnesd t thrad d

(someti mes -tane¢dee@)d, AivibBEedccurs when t-haseddandci si ons

disappear when the decisions reflect cached values (ffredeGardner et al. 2013; Schmidt et al. 2Q13)

In this task, irrelativelyrewardrich environmerg, offer zone reaction time became more rapid (green

yellow-orange epochs;igure2.11C, F=157.78, p<0.0001) and pathjectorieaneasured by IdPhi became
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moreswift andstereotyped (greeyellow-orange epochsiigure2.11D, F=150.19, p<0.0001) as mice

learned the structure of the task and made ballistic decigisrtbese offer zone decisions became ballistic

in rewardrich envirooments as mice were developing subjective flavor preferemiesalsodeveloped

rapid default decision responsasach restaurant in doing so. That is, all other things being equal (e.qg., all

offers were 1s only in the green epoch), the only informatifiarences between restaurants were visual

contextual cues that signaled the identity of the flavor of that restaurant. Thus, as animals approached a
given restaurantdés offer zone after | eaving the pre
prepotent ballistic decisions to either enter or skip depending on the ranking of that restaurant. For instance,

mice grew accustomed to entering and earning nearly 100% of offers in their most preferred restaurants,

while skipping the majority of offers irheir least preferred restaurantsgure2.3A-D, greenyellow-

orange epochs relatively rewarerich environments).

This dichotomy in behavioral responses between least and most preferred restaurants is apparent in a
number of economic processes measworethe Restaurant Row task. With regard to developing
restauranspecific default decisions in rewarith environments, offer zone reaction time grew fastest to
enter in most preferred restaurarfg(re2.3G, F=1076.04p<0.0001) and fastest to skiplgast preferred
restaurantsHigure2.3H, F=70.73p<0.0001)overthe course of the first 17 days of this experiment.
Similarly, over the course of the first 17 days of this experiménE was lowest (most stereotyped and
least indecisive) when enteringnmost preferred restaurantigure2.3l, F=592.95p<0.0001) and when
skipping in least preferred restaurarig(re2.3J, F=219.93p<0.0001). Taken together, default ballistic
responses to either enter or skip were signaled in the offer zone of retstaiaarontextual spatial cues
while cost information signaled via tone pitch was irrelevant in rewialdenvironmentsKigure2.6A-

B,E-F).

However, in a rewardcarce environment, skip reaction tinkégiure2.11C, F=92.00, p<0.0001) and skip
VTE (Figure 2.11D, F=117.80, p<0.0001began to increase following the transition t80ds offersNote

the frequency of skip decisions were still relatively rare during the eé80sXeriod and did not become
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more frequent untidfter food intake and reinforcemierates were restored for the remainder of the
experimentduring which skip time and VTE remained elevated and stpbik epochFigure2.11C, skip
time: F=2.21, p=0.14Figure2.11D, skip VTE: F=0.45, p=0.500nly then didoffer zone thresholds
decline(Figure2.2F)and skip frequency increa@eigure2.2D). Furthermore, following the transition te 1
30s offers, enter decisions remained fast (Figqut&C,F=1.73,p=0.19) with low VTE (Figure2.11D,
F=0.97,p=0.32). Taken together, this suggekist enter decisions during this earkgQs period, when

offer zone inefficiencies remained elevated and when quit frequency increases, can be defined as
economically disadvantageous sfjaggements made in the offer zone. This also suggests that tliese qu

decisions could serve as economically advantageeegaleations of those poor offer zone judgements.

Next, | further characterized the economic nature and utility of VTE behaviors while skipping and
potentially preventing pooroffr one snap judgements to enter fAbado d

to accept.

In a rewardscarce environment, reaction timege 2.3H, F=88.78,p<0.0001) and VTE (Figur2.3J,
F=38.74,p<0.0001) was higher when skipping in more preferred restaurants, suggesting decisions to skip
expensive offers for desired flavors (and thus oppose stronger initial default decisions ty patesitg

and reorienting) were more difficult. The fact that skip decisions and not enter decisions displayed
increased VTE and more pavsedr e or i ent behavi ors i nteenrtreurpd idnegc iisniiar
suggests that skip decisions recruiéedadditional delayed process. Such delayed process learned to break

initial ballistic snagudgements and ultimately make the economically advantageous decision to skip

expensive offers. This reflects an aversion to skip in the offer zone of prefestadramts, reminiscent of

the aversion to quit in the wait zone and the aversion to leave while lingering at the reward site. Thus, while

all three of these conditiongalacepreferencdike behaviors appear related, how they manifest and how

they change pon transition into a rewasscarce environment a fundamentally different and separable.
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| characterized how mice deliberated in the offer zone as a function of offer value. The value of an offer
can be operationalized by calculating the different betweghzone thresholds and offer cost, where

offers at threshold have a value of zero (indifference pdifiund that, over prolonged training, offer

zone reaction time and VTE behavior gradually increased and took on an irvestegbe that grew

stronger with more training, centered near 0 valued offers, but shifted toward negatively valued offers
(Figure2.12A-B). These negatively valued offers that produced peak offer zone decision times and VTE
late in 230s training reflect the type of expensiveenff that, early in-BOs training, would have been
ballistically entered in higher preferred restaurarfitss invertedU shape for offer zone reaction time and
VTE that is asymmetrically higher for negatively valued offers compared to positively vafees wés
present regardless of flavor preference (Figut2CGD). Taken together, this suggests that high VTE trials

for negatively valued offers late in30s training effectively traded entdranrquit decisions for skips.

In this task, we can take \ETas a sign of indecision and deliberation, and a lack of VTE as a sign of quick,

decisive decisions (sngpdgments). In this task, we can reliably detect the difference between VTE and

rapid (snap) judgments. Furthermaréound that when VTE events to@lace, they did so with delayed

onset overriding initial snap judgments in the ofene that would have otherwise violated normative

economic behavior. This form of delayed deliberatve \TBE nt ai ni ng override deci sic
prevented economigolations from occurring, importantly only when skipping, and could serve as a
behavioral operationalization of fAknowing bettero o
deliberative VTE process failed to come online, mice accepted exp@ffgxeonly to later reverse that

initial rapid commitment by quitting in the waibne. This indicated that a-ewaluation process can also

occur in the waizone. Both overrid@rocesses in the offeaone or wakzone took longer to override in

higherpreferred restaurants, capturing an increasingly stronger aesimponent of these parallel

computational processes.
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Figure 2.12: Development of deliberative decisions as a function of offer value acrasmga
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(A-B) Offer zone reaction time (A) and vicarious trial and error behavior (B, VTE) as a function of offer valu:
= wait zone thresholil offer cost) over days of learning in the3@s offer block (red epoch). Blue line represent:
valuetrials (where offer = wait zone threshold). Pink line represents onset of food intake and reinforcement
normalization after 2wks of adaptation following the transition 4804 offers (pink epoch spans days739.
Graphical projection againsttbea c k wal | di spl ays data presented ¢
the last 5 days of training (days-88). Z-axis is redundant with color scale for visualization purposef)(Days
65-70 offer zone time (C) and VTE (D) as a functiorofiér value split by flavor rank. Vertical dashed black lin
represent 0 value trials.
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lIguanti fied how the amount of VTE behavior could
particularly when off er e dning bcalalateddhe didtrisutionWEE t he
(Figure2.13A-C). | then calculated the probability of skipping in the offer zone as a function of VTE
(Figure2.13D-F). By looking at offers split by positively vs. negatively valued offefsund that after

extended training, for negatively valued offers, the more mice displayed VTE behavior the more likely they
were to skip (Figur@.13G-H). This suggests that mice enacted deliberative strategies in the offer zone

after prolonged trainingndlearned to planat skip expensive offers that previously would have been

rapidly entered theultimately quit, if mice took the time to deliberate.

When characterizing the economic efficiency of offer zone decisions over tioumd that mice were
more inefficient in mee preferred restaurants, struggling longest to become efficient in the offer zone of

the most preferred restaurant through to the end of the experiment (Eig0r&=20.72,p<0.0001).

| adopted a signal detection theory approach to further characteeizievelopment of and biases in ability

to discriminate offer value over the course of prolonged training (Fyd.1 found that receiver

operator characteristic (R.O.C.) curves could be used to capture deliberative learning strategies that took
place in the offer zone. The area under the R.O.C. curves increased in all restaurants du30g thféet

block indicating mice learned to become better vllased signal detectors in the offer zone (Figure
2.14C,F=512.84p<0.0001). R.O.C. skew caped valuebased discriminability error biases in the offer

zone (asymmetry towards errors of accepting high cost offers as opposed to rejecting low cost offers) that
interacted with subjective flavor preferences (more skew in more preferred restaurantiyl tiot begin

to improve until the pink epoch, and less so in higher preferred restaurants EigibeF=12.94,

p<0.0001).

Because skip VTE behaviors begin to increase earlyd@sltraining during the time period with food
intake and reinforcemeid re-normalizing,| wanted to test if any changes in off@ne behaviors could be

contributing to this renormalization. First, it is worth remphasizing that skip behaviors are relatively
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Figure 2.13: Characterization of vicarious trial and errdi/ TE) over training
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(A-B) Histogram of distribution of vicarious trial and error (VTE) taken from a span of days early #3@seblock
(A) and late in the -BOs block (B, red arrow emphasizes h\ghE events). (C) A continuum of the histogran
depicted in (AB) displayed daily across the entire experiment. Horizontal dashed pink line indicates estimai
of food intake renormalization. (BE) Probability of skipping in the offer zone as a funetad VTE early (D) vs.
late (E) in the 130s block. (F) A continuum of the p(skip) functions depicted irE{jRlisplayed daily across ths
entire experiment. Note in (B), if mice made rapid, highly stereotyped, ballistic choices in the offer zone
VTE), these decisions were largely endecisions. In early training (D), high VTE trials, which were rare, resu
in offer-zone decisions to skip vs. enter that were, at best, made at chance. Skip decisions were also rare ¢
30s training (Fig. 2D)In late training (E), low VTE trials slightly reduced in frequency while high VTE trials, wt
were much more frequent, resulted largely skip outcomes, that is, after having heavily deliberated. These
outcomes did not begin rejecting expengiffers in the offer zone until after food intakermermalized (G-H) Split
(F) by offers below waizone thresholds (G, good deals) and offers aboveawai thresholds (H, bad deals). (t
drives the majority of (F).
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Figure 2.14: Signal Detection Theory charactesimon of learnedraluebased discriminability
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chanceunity line with 0.5 A.U.C.). (C) Offer zone R.O.C. A.U.C. plotted across days of training in30e dffer
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re-normalization after 2wksfaadaptation following the transition te30s offers (pink epoch spans days73D.

(D) Offer zone R.O.C. curve skew describes a value bias (tail) of either enter or skip distributions. This is
in (A) by the ¢) left tail of the enter distributioand reflected in (B) by an asymmetry of R.O.C. curve bowedn
Dashed red diagonal line in (B) aids in visualization of R.O.C. curve asymmetry. Gaussian fit peak deviatic
this line is quantified in (D). (HH) reflect same analyses in wait zone diegis. Data (€D) and (GH) presented as
the cohortés (N=31) daily mean s -3@sHfferdBok..Notsignificard (n.s.
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rare events during this epoch of time. Second, choice outcomes in the offer zone durinocthigein

stable and elevated, as mice are apt to accept most offers regardless of cost. During this epoch, decreases in
quit time can explain increases in reinforcement rate durimgpmealization. Therefore, at first glance,

increases in skip time wadibnly oppose an increase in reinforcement rate durimgmnamalization.

Nonethelesd, wanted to test directly how high VTE events coulfiencereinforcement rates.

| ran computer models to predict how reinforcement rate would be altered if high VTE trials were corrected
during Restaurant Row simulations. To do thiii;st determined high vs. low VTE by taking a median

split of IdPhi distributions across the entipgoeriment. generated 4 types of simulations and compared
predicted reinforcement rate against the observed reinforcement rate E&idycé either entirely

removed or replaced high VTE trials with estimated outcomes selected from low VTE trialsiadchiéo

changes from observed reinforcement rate during the eady-80s epoch (Figur2.15,F=0.08,p=0.77).

Interestingly,l found effects of high VTE replacement with low VTE estimates compared to observed
reinforcements rates and high VTE removaiidations late in 430s training. Reinforcement rate was
significantlyhigher (lower intefearninterval)in all three replacement simulation variants compared to
observed data and predicted data from high VTE removal simulations (Rid6t&=11.98,p<0.0001).
Furthermore, reinforcement rates in the high VTE replacement siondatere significantlyhigher (lower
inter-earninterval)than average reinforcement rates in relatively rewetd environments (Figur2.15,

first three training block€;=3396, p<0.0001).

Taken together, this suggests that reinforcementmatkel theoretically improve even better than observed
performance only late in training. Thus, when deliberative strategies in the offer zone resulted in changes in

offer zone threshokl(i.e., changes in choice outcomes depending on the cost of the offer) and thus offer

zone efficiency, it would appear that these decisio

than obser vedddhardred oe wen r febes tinpartandyntieisnsimulatientreveals that
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Figure 2.15: Controlling for the effects oficarioustrial and error (VTE) on reinforcement rate
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Reinforcement rate (intezarninterval) is plottedacross days comparing observed date (black) vs. four diffe
computer models that simulated what the expected reinforcement rate would be if high VTE trials were a
High vs. low VTE trials were determined by a median split of VTE values takessattr® entire experiment. Th
removal simulation (red) simply removed high VTE trials before reinforcement rates were calculated. Th
replacement simulations (cyan, blue, purple) resampled trial outcomes from low VTE trials and differed b
how offer length was resampled on when earned trials were simulated (offer length retained from the high V'
offer length randomly selected from the distribution for low VTE trials, or offer length randomly selected fro
uniform range of offers fothat block, respectively). These simulations indicate no contributions to reinforce
rate due to high VTE trials during the earh8Qs epoch, despite having an effect late in804 training. Data
presented as the cohor tiddsate(siyriGant diffeceace tompanetcagainst obsey
data. Not significant (n.s.).
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the excess VTE late in training does, in fact, decrease the reward receipt rate even further below what
could, theoretically, be achieved. Again, this would sugtpedtthe decision strategy changes observed in
the late 130s training are driven by a separate process distinct from that in e20k/ttaining, with the

latter being VTEdependent.

By no means can we conclude from these data thadstitmality on aneuroeconomic task is intrinsically

bad nor good. Rather, these data provide economic insight to characterize how adherogdemo

sufficient decision policies disrupts reinforcement rates while driving additional learning of new foraging
strategieshat become more efficient over time while interacting with subjective valuation processes

distinct from deliberative strategies that also become more efficient over time. Furthermore, these data

make apparent that seemi nolbngingfoffeazene deliberhtion time Whech i or s,
occurs in the latter portion of training (pink epoch), not only affords no changes in overall food intake or
reinforcement rate nor changes in optimality (FighiB0, F=0.05p=0.82), and perhaps even forgoes

potentially better reinforcement rates (Fig@r&5). Perhaps seemingly soptimal behaviors that are not

directly tied to investing time in the current reward offer (i.e., prolonged deliberation to skip), may be

useful in other regards. Taken together,h i mpl i es t hat there must be a #fh

fhi dden costo to not.

This opens an intriguing question: if the changes that took place with prolonged training did not change the
efficiency of foodreceipt, and if the only changeftest the development of deliberative strategies was a
reversal of the increase in quit frequency, what does a reduction in ebfanged decisions serve these
animals? Given that there was no gain in food intake or reinforcement rate nor decreasg/in energ

expenditure, what might the driving force behind this delayed learning process be?

A strength of the Restaurant Row task is its capability of measuring how economic decisions in one trial
influence economic decisions in the following trial. This betweh sequence feature of Restaurant Row

captures postiecisiormaking phenomena, like regr@teiner and Redish 2014 key factor in
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experiencing regret is the realization that a wbe&ren mistake has been made and that an alternative
response cdd have led to a more ideal outcome. A chanenind quit decision in this novel variant of

the Restaurant Row task thus presents an economic scenario where mice take action to opt out of and
abandon ogoing investments in the wait zone following an emwoically disadvantageous enter decision.

As shown above, quits are economically advantageeeasalations of prior snajudgements made in the

of fer zone. Thus, quit events reveal a potential ec
aneonomically di sadvantageous option, whereby a cou
the first placeo) i s r-kkeadxpedencd. and coul d provoke a r

Economic theories of human decisioraking have hypothesized that regret addegative component to

a utility function(Zeelenberg and Pieters 2007; Loomes and Surgden 1982; Patrick et al. 2009; Bell 1982;
Coricelli and Rustichini 2010 hese theories suggest that an important driving force for human decision
making is the avoidae of futureregret(Knutson and Greer 2008; Blanchard and Hayden 2014; Marchiori
and Warglien 2008; Frydman and Camerer 2016; Coricelli et al. 200&)der to test if decisions

following enterthenquit sequences carry added negative utility akiregwet previously demonstrated in
Restaurant Row, examined decision outcomes in the subsequent restaurant encounter following change
of-mind decisions compared to those following skip decisions (F@a&.1 compared entethenquit

events to skip eants (Figure.16A) that were matched for total time spent in the first restaurant before
ultimately turning down the offer and advancing to the subsequent restaurant g-igiBe For example,

I compared a skip decision that used up 2 seconds of offer zone time to ahe&mtgrit sequence that

used up a total of 2 seconds of combined offer zone and wait zone time. Consistent with previous reports in
rats who attempted to make up for lost éBdollowing regret(Steiner and Redish 2014)found that mice
following quits were more likely to accept offers in the next trial (Figui®C,F=39.26,p<0.0001), did

so quickly (Figure2.16D,F=163.28,p<0.0001), and upon earning subsequent rewaagédly consumed

food and exited the reward site (Fig@&6EF=191.89 p<0.0001) compared to trials following skips.
Quit-induced effects on subsequent trials existed across the entire experimentZRi§Ei#td) and

remained even after controlling favor preferences (Figur217).
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Figure 2.16: Regretlike sequence effects following charafenind wait zone revaluatiors
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(A) Following either a skip or entéhenquit decision in Restaurant 1, wieecacterized behaviors on the subsequ
trial in Restaurant 2. (B) Distribution of time spent in Restaurant 1 from offer onset until a skip decision (offe
time) or quit decision (offer zone time plus wait zone time) was made. To control for tbts effelifferences in
time spent skipping vs. enteritlgenquitting in Restaurant 1 on behavior in Restaurant 2, we compared
matched for resource depletion between conditionsDYMata averaged across the3@s offer block. (C)
Probability of enering an offer in Restaurant 2 after skipping vs. quitting in Restaurant 1. (D) Offer zone re
time in Restaurant 2 after skipping vs. quitting in Restaurant 1. (E) Time spent consuming an earned pi
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Figure 2.17: Controlling for flavor preferences in regréike sequence effects
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To control for potential differences in restaurant sequences due to the identity of flavor preferences in Res
following quits vs. skips ifRestaurant 1, we sorted scenarios such that the Restaurant 2 was always either tl
or mostpreferred flavor. (A) Probability of entering an offer in Restaurant 2 after skipping vs. quitting in Rest
1. Augmented by quits (increased) vs. skiponly least preferred restaurants. (B) Offer zone reaction tim
Restaurant 2 after skipping vs. quitting in Restaurant 1. Augmented by quits (decreased) vs. skips in both
most preferred restaurants. (C) Time spent consuming an earnedmbliagaring at the reward site in Restaure
2 after skipping vs. quitting in Restaurant 1. Augmented by quits (decreased) vs. skips in only most p
restaurants. Data averaged across #38sl offer block. * indicate significant difference betweskip vs. quit

conditions.
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| found interactions between subjective flavor preferences in how mice behaved in subsequent restaurants
following enterthenquit decisions compared to skip decisions. That is, following a quit decision, if mice
entered theiteast preferred restaurant next, they demonstrated different immediate grast

compensatory valuations than if they entered their most preferred restaurant next.

First, mice were more likely to make more rapid decisions in subsequent restautawiadaduits

regardless if the next restaurant was their least or most preferred flavor EibGiBeF=37.31,p<0.0001;

posthoc Tukeyeast t=5.39,p<0.0001; mostt=3.28,p<0.01). This suggests mice were more likely to

make snap judgements overallldaving quit-induced regret. Interestingly however, mice were only more

likely to enter offers following quits if the next restaurant was their least preferred flavor (Eigjdi
F=55.50,p<0.0001; poshoc TukeyJeast t=9.83,p<0.0001; mostt=0.81,p=0.85). Conversely, mice

were only more likely to linger less after consuming earned pellets in the subsequent restaurant if the next
restaurant was their most preferred flavor (Figui&'B, F=5.10,p<0.05; posthoc Tukey Jeast t=0.89,

p=0.81; mosti=3.37,p< 0. 05) . These data suggest that the ways
and immediately compensated for regret manifested differently based on the subjective value of the flavor

of the subsequent restaurant.

Mice were more willing to aapt offers in restaurants they typically defaulted to reject following régret
finding that may not be observable in most preferred restaurants due to a possible ceiling effect. Mice were
also quicker to consume earned pellets and leave the rewairt reistaurants they typically lingered at for

an extended period of timea finding that may not be observable in least preferred restaurants due to a
possible floor effect. Taken together, these data provide interesting insight when considering how the
immediate effects of regret on subsequent decisiaking may foster more liberal vs. conservative

economic responses, different responses of which may depend on subjective valuation processes of

subsequent reward opportunities.
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This suggests that entdrenquit sequences were capable of augmenting subsequent valuations, even when
changeof-mind reevaluations were matched to skip decisions for resource depletion, and even during

early stages of training amidst simpler foraging strategies before dalibestitegies developed.

Taken together, on a multiplgeek timescale, mice transitioned from a foraging strategy that learned to
become efficient (Figur.9B) to a distinct deliberative strategy that separately learned to become efficient
later (Figure2.9A). This change in strategy effectively traded etienquit reevaluative decisions in the

wait zone for skip decisions during principal valuations in the offer zone, with no overt benefit other than
reducing the frequency of changémind eventsQuit events and skip events came from the same

distribution of offer lengths (Figur2 18).1 assessed the distribution of offer lengths that comprised the

trials in which mice made skip decisions vs. made ehtamrquit decisions to control for potential

differences in trial type occurring in restaurant 1 that could confound regret effects in restaurant 2. Because
skips occurred more frequently than efttegnquits,| ran a bootstrapped randomgsampling analysis on

the skip events to match the frequgé enterthenquit trials, and found no differences between these trial

types (Figure2.18).

Based on these data, it seems that not only can a cbéngead experience have an immediate impact on
subsequent valuations, but it can also impact loteger learning in mice capable of augmenting decision
making strategies. The resulting decisioaking strategy appears to be one rooted in deliberation and
planning as a means of avoiding future chaofymind scenarios altogether. In the absence of any
addiional gains in reinforcement ratésargue that the utility in developing a deliberative strategy after
prolonged training on the neuroeconomic task is rooted in the subjective hidden cost of regret, thus

producing a utility benefit to regret avoidance.
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Figure 2.18: Visualization of offer lengtHistributions between skip and quit events
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(A) Histogram of offer length distributions comparing trials that ended as skips vs. quits from data pooled
animals from days 6@0. (B) Samples were randomly selected from the skip distribution to match the num
samples from the quit didbution. Skip resampling was bootstrapped 100 times and replotted in (B). These
indicate both trial types derive from the same offer length distributions.
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Discussion

Numerous studies have demonstrated that human individuals develegelonsgtrategies to avoid future
instances of regréCoricelli et al. 2005; Frydman and Camerer 2016; Camille et al. ZD&4celli and
Rustichini 2010)This phenomenon is distinct from the ability of regret to drive compensatory
augmentations in valuation processes of immediately subsequent opportunities. While the immediate
effects of regret have been demonstrated iemts] longterm regretavoidance learning however has not
been previously observg8teiner and Redish 2014)ere,|l provide support not only for growing evidence
that rodents (mice as well as rats) are capable of experiencinglikgrpisodes butlso that such
experiences, separate from and independent of reinforcement maximization, can drieertoalganges in

decisionmaking strategies.

Much of the animalearning literature has focused primarily on reinforcement maximization as the sole
motivator of rewarerelated learning in decisiemaking paradigméKolling and Akam 2017; Dayan and

Niv 2008; Ainslie 1975; Stephens and Krebs 1988pt is, the goal of increasing reward reinforcement

rate is thought to underlie animal behavior. Temporfétidince error algorithms demonstrate a well
characterized mechanism of rewamaéximizationdriven motivation in reinforcement learning theory
(Stephens and Krebs 1986; Dayan and Niv 2008; Ainslie 1975; Sutton and BartoSi898learning

algorithms, apported by neural representations of escalating response vigor and reward expectancies in
mesolimbic dopamine systems, update behavioral policies or learn novel contingencies in order to optimize
a given cost function and produce maximum reward ¥idtroyd and Coles 2002; Suri and Schultz 1999;

Ko and Wanat 2016; Schultz 2017; Schelp et al. 2017; Shizgal IB&f7avioral and neurophysiological

data in both humans and nonhuman animals support a reward maximization theory of learning algorithms.

In the present study,found evidence of reward maximization learning algorithms as mice progressed from
rewardrich to rewardscarce environments and made increasingly efficient wait zone decisions in a self
paced manner on a tingensitive economic decisianaking task during which they earned their only

source of foodl also found distinct learning processes separated across space and time in the offer zone
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that took place on a much longer timeschfeund that mice reduced the frequency of wait zone change
of-mind decisions by learning to plan ahead in the offer zone, without any additional gain in reinforcement
rates or reduction in energy expenditure. Other hypothesized drivers of human leasidag be

reinforcement maximization and energy expenditure minimization include managing affective states,
particularly ameliorating or minimizing negative aff¢lsim et al. 2006; Ahn and Picard 2003\oiding

pain, stress, threat, or anxiety are vgildied motivators in human learning as well as in nhonhuman animal
fear conditioning or punishment learning paradigkiypotos et al. 2015; Kim and Jung 2008pwever,

in a reward context, negative affect associated with regret and reglateld outcomexperiences, while
well-characterized in humans, is far less understood in animal learning models of positive reinforcement

rewardseeking learning.

The relatively straightforward view of rewardaximizationdriven reinforcement learning is challenged by
the decisiormaking phenomena made tractable in these economic deanisiking paradigmgDayan and

Niv 2008) Postdecision regret is a weknown example that poses issues for traditional reinforcement
learning algorithms dependent on updating stiraukctions associated with actual experienced reward
outcomegDayan and Niv 2008 Hypothetical outcomes of forgone alternatives processed during
counterfactual thinking that turn out to be better than chosen a¢tlansin regret are indeed capabts
driving longterm changes in future decision strategies through fictive learning but is a process that has
been sparsely studied in nonhuman anirfatse and Lee 2011; Steiner and Redish 2014; Epstude and
Roese 2008; Byrne 2002; Steiner and Redish 20amille et al. 2004; Sommer et al. 2009; Coricelli and
Rustichini 2010)Mapping counterfactual outcomes onto corrective actions that could have been taken aids
in the development of new decision strategies aimed to avoid regret in the future, iged thi®rly

understood behavioral and neural process.

Changeof-mind behaviors present unique decisioaking scenarios, that when assessed on an economic
task, can capture the economic advantageous vs. disadvantageous nature of principal valuations and

subsequent revaluative choices. On this novel variant of the Restaurant Rowl segiarate principal
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valuations (offer zone) from fevaluative choices (wait zone) across space and time within a single trial.
Two stages of the conflict between wanthighly desired rewards on the one hand versus knowing better

to explore other more economically advantageous opportunities on the other hand are captured separately
in the offer zone and wait zoneurthermore, changef-mind behaviors present a powerfoéans of

studying counterfactual decision proces$®ssulaj et al. 2009; van den Berg et al. 2016; Churchland et al.
2008) In the context of the neuroeconomics of regret, a few questions arise: What drives individuals to
change their minds? Which deiciss might be economically fallible: the original choice, the delayed re
consideration, neither, or both? Why might individuals be reluctant to change their minds, how is this

related to regret, and how might this interact with subjective valuation reémf@mt learning algorithms?

Changeof-mind decisions occur every day in the real world yet there is the general consensus that many
individuals find this unpleasant and are often reluctant to do so, even when its utility is afffeneetr et

al. 2006; Wison et al. 2005; Gilbert and Ebert 2002; Roese and Summerville 26@8)ine the common

scenario of a person in a food court during his or her 1hr lunch break deciding which line toiveait in

direct analogue of whattest here in the Restaurant Rtagk. The decision to back out of waiting in any

given line often comes with a sore feeling, even if doing so was an advantageous decision. Conversely,
Afgoing down with t he srtatiopabmotivatienda réfuseeosertdriing a gim@ime t i me s
judgement and abandoning a partial investment. This is thought to be motivated by a desire in dissonance
reduction to avoid being wasteful, admitting mistak
investment history, it is reasonableajppreciate that progress made toward a goal may be difficult to

abandon, doing so may generate a source of cognitive dissonance, and thus the decision to override a

principal judgement when fevaluating continued investment errs on the side of persengrabwever

economically irrational that may be. This describes a-lwsdwn decisiormaking phenomenon termed the

sunk cost fallacywhere the value of continued investment toward reward receipt is inflated as a function of
irrecoverable past investmerf{tsrkes and Blumer 1985As we will see in the coming chapters, mice, rats,

and humans on translated variants of the Restaurant Row task all demonstrate the sunk cost effect in the

wait zone when making quit decisions as a function of investment histiong, quitinduced regret and
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sunkcostdriven-perseveration appear to be intimately related here. That is, after making a principal
judgement in the offer zone to accept an offer at a cost higher than subjective value indicates one should
(i.e., an inital economic violation of wait zone threshold), subjects are faced with a cb&nged

dilemma torn between irrationally waiting out the expensive offer vs. rationallytbaaiking and changing

their plans, where affective contributions appear to wiigke options against one another.

In our food court example, the economicallional decision would be to select a line immediately and to
make oneds decision while waiting iniinfteakitisfetowever ,
more common for people to deliberate before choosing and investing in any one option, despite the fact that
this wastes time planning. Despiteeealuating an ongoing investment being the economically efficient

and rational strategy, this hinges on a Higlgjuency of changef-mind decisions. After prolonged training

in the Restaurant Row task, mice show a shift from the sefebte-evaluate foraging strategy to the
deliberatefirst strategy even though it produces no change in reinforcement ratergy erpenditure.

Thus,| conclude that mice are capable of learning from regdated experiences induced by chanfie

mind decisions and that they develofpewvardlooking deliberatie strategy that, althougdxpensive in

time and in computational resres, is economically advantageous because regret itself induces a negative
utility. Rather than learning to deal with regret, sometimes, mice take the time to plan ahead, and learn to

just avoid regret altogether.
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By taking a neuroeconomic approatkasable to reveal distinct aspects of decision making in mice

through behavior. In the previous chaptatgemonstrated dissociable learning processes that took place in

separable dedisn-making modalities. These separate decisi@mking modalitie$ deliberative valuation

algorithms and foraging valuation algorithingvere identifiable through discrete behaviors separated

across space and time within the same triaperationalizedte s e as i niti adbedwegmidnci p
decisions in the offer zone separate from secondaryevakiative changef-mi n d -ofuapt deci si ons
the wait zone. This novel variant of the Restaurant Row task is capable of separating these sorts of

subjective valuation processes from more general behavioral processes that depend on other forms of

learning and memory (e.g., locomotor, auditory, and spatial learning). How these distinct eeecikiog

modalities learned to separately develop over wesksaled hidden costs and hidden utility associated

with each decision system.

In this novel variant of the Restaurant Row task, separate deliberative and foraging valuations took place in
the offer zone and wait zone. Importantly, on this task, decisimmterdependent across trials and across
days. This critical contingency revealed interesting consequences when mice moved frorticévtard
rewardscarce environments, with an uncompensated budget. Based on neuroeconomic principals and
theories of @mand elasticity, discovered several asymmetries in the types of decisions that were made as

a function of subjective value and revealed flavor preferences.
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Unique cases of economic conflict were revealed, where decision strategies that were pravficisiyt

in rewardrich environments (i.e., take any offer inconsequentially for desired flavors) were no longer

sufficient in rewarescarce environments. This generated interesting¢agifiict economic scenarios

where tough decisions had to be madedfesired although expensive reward opportunities that opposed

originally learned valuations (i.e., learn to no longer enter on every trial). Thus, mice learned to override
originally Il earned valuations thats fitwanfilerdow ebveetrtye rr
to. 0 Aspects o fcontrohguld teen beimonjtored separatelg ih the offer zone and wait

zone during higfconflict scenarios.

| found that changef-mind foraging decisions to quit erroneously accepted expensiesalfice in the

wait zone become efficient as mice learned to realize that better opportunities lied elsewhere and

abandoning the current investment was a worthwhile decikago found that this decision came with a

hidden cost, not rooted in lossegd@inforcement rate, but rather in reglige negativity that such offers

Aishould have been skipped in the first place. o0 This
subsequent valuations. Perhaps more interestingly, mice learned to devéhap didiberative strategies

in the offer zone that learned to plan ahead during-bagtilict economic scenarios. By deliberating, mice

could overcome i mmedi ately present Awantingo valuat
better to skip insted of enter. Therefore, an acceperythingthenquit foraging strategy, while capable of
maintainingrenor mal i zed reinforcement rat e-frstandenter fr eveal ec
only-if-committed strategy, even after showing that mice theaity could earn more rewards in the

former strategy. Taken together, mice adopted a cHoetsecen deliberative strategy that was capable of

bypassing potentially regretn duci ng scenarios in the wait zone, th

utility. Thus, deliberation, while timeonsuming and computationally intensive, can be worthwhile.

This opens an intriguing question: if chargfemind decisions, even if economically favorable and the
right thing to do, are capable of eliciting feelinggegret and mice are willing to sacrifice increased

reinforcement rates just to avoid the negative consequences of experiencing regret by learning to plan
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ahead, is this the only way mice can avoid regret? Might mice be vulnerable to avoid feeling regret by

inflating the value of not quitting while still in the wait zone?

Thiscallstoawelk nown human phenomenon known as the fAsunk ¢
describes the economic bias in which individuals escalate commitment of continued peveait as a
function of prior irrecoverable investments already made. As a result, individuals become prone to avoid

progress abandonment even if it is the economically advantageous thing to do.

In the next chaptet,will explore the concept of thergucost fallacy in this task. Importantly, because this
is a weltstudied human phenomenon widely thought to be unique to humans, and because there are
conflicting reports in nofuman animal studiektake a translational approach across species usng th
same tasks. Importantlyycontinue to carry this concept of multiple, parallel decisitaking systems
forward and discover novel determinants of the sunk cost fallacy rooted in these separable rde&isign

systems conserved between species acradstmn.
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Abstract

Sunk costsare irrecoverable investments that should not influence decisions because decisions should be
made based on expected future consequer®eth human and nehuman animals can show sensitivity to

sunk costshutreports across species are inconsisténa temporal context, a sensitivity to sunk costs arises
when an individual resists ending an activity, even if it seems unproductive, because of the time already
investedIn two novel, parallel foraging tasksfind that mice, rats, and humastsow simiar sensitivities to

sunk costs in their decisiemaking. Surprisingly,sensitivity to time investedccruedonly after an initial
decision had been made. These findings suggest sensitivigmporal sunk costges in a vulnerability

distinct from delileration processes, and that this distinction is present across species.

Chapter modifiedrom:

SweisBM, Abram S/, Schmidt B, Seeland I©, MacDonaldAW, Thomas MJ, Redish A2018c.
Sensitivity to fAsunk cSziencén@pressin mi c e, rats, an 70



Introduction

Traditional economic theorguggests that decisions should be basedhbrations of future expectations
thatignorespent resources that cannot be recovésadk costsThaler 1999)However, extensive

evidence finds thatumandactorsuchsunk costs into prospective decisions even when faced with better
alternativegArkes and Ayton 1999; Hoffler 2005though early reports claimed thlatimans are

uniquely sensitive to sunk costsis becoming increasingly clear that ARlsmman animals exhibit parallel

behaviorqHoffler 2005; Arkes and Ayton 1999; Magalhdes and White 2016)

Previous norhuman animal studies that attempted to modestimkcost phenomenon yielded conflicting
evidencgArantes and Grace 2008; Magalhded White 2016)Observational and experimental field
studies irswallows,sparrows, mice, anbluegillshave found evidence both for and againststinekcost
effect in behaviors relating to parental investment and willingness to care for (©olegnanet al. 1985;
Dawkins and Carlisle 1976; Maestripieri and Alleva 1991; Weatherhead 1979; Winkler Y68ih)such
studies, it has been difficult to disentangle influences of investment history from those of future prospects.
Laboratory operant conditiomg paradigms in pigeons and rats that control for future expectations when
looking at reinforcement learning behaviors have demonstrated thduunoen animals showed increased
work ethic or subpptimal perseverative rewasgeking behaviors that indeestalate with prior

investment amour{fMagalh@es et al. 2012; Pattison et al. 20H2)wever, these observations often relied
on information uncertainty where subjects owerked in the absence of progrésdicating cues. These
observations also ofteelied on automation or haHike behaviorge.g., repetitive lever pressindriving
continued rewargbursuit. Such confounds mon-humananimal studies obscure translation to hursank

cost effects, which do not depend on these mechanisms.

Laboratoryforaging tasks provide an alternative approach to study decigéing using naturalistic
behaviors that carry both ecological validity and evolutionary significance and are translatable across
speciegKalenscher and van Wingerden 201A9raging tasksely onoptimizingrewardseekingunder

limited resources, making them economic tasks
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We designed a foraging task in whistbjectsspend timdrom a limited timebudgetwaiting for rewards

(Figure4.1, RestauranRow, Steiner and Redish 201the Web-Surf Task Abram et al. 2016)

Methods

This project was a joint collaboration across three separate labs (Redish, MacDonald, and Thomas labs), as
such, we analyzed data that had been collected under various testing conditions (sé4 Table

chronology). The Restaurant Row Task was first developed in the Redish lab for use in rats using the
original task variant without an offer zone (Cohort 1). In collaboration with the MacDonald lab, this task
was translated for humans in the variant of\eb-Surf Task without an offer phase (Cohort 2) that

mirrored the initial rat variant. Shortly after, collaboration with the Thomas lab translated this task for mice.
At this time, the separate offer zone was added to deconstruct stages of duelsiogwithin trial

(Cohort 3). The initial goal was to glean more discrete metrics from an already behaviorally rich task. Mice
generally took longer to train than rats (and humans), but after over a yeategitinbehavioral analyses
modeling separate econamialuation algorithms in different aspects of behaviors in the offer zone and

wait zone, an extended discussion on the suo#t fallacy grew as initial discoveries were made and
guantitative control analyses were being designed. Moving forward, thissithgpnning new cohorts of

rats and humans on this novel task variant with separate offer zones and wait zones in the Redish and
MacDonald labs (Cohorts 4 & 5, respectively). The goal of Cohorts 4 & 5 was to match the mouse protocol
(Cohort 3) as closelgs possible. The table below compares and contrasts the cohorts tested across species

and task variants. This table also includes the chronological order of cohorts.

There are several differences across Cohe@éntluding different experimenters thanrthe test subjects

or different maze apparatuses used between rodents (Cohort 1 rats were tested in an open apparatus without
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Figure4.1: Crossspecies task schematics
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(A) RestauranRow Task:Foodrestricted rodents were trained on a maze encountering serial offers for fla

rewards in four fArestaurants. o0 Each restaurant
offer zone; fixed tone pitch indicated delay3@s, andomly selected) rodents would have to wait in the wait zc
Tone pitch descended in the wait zone during de

restaurant during the countdown, terminating the trial. (B) \®felf Task: Humansgsformed an analogous 30mi
computetbased foraging paradigm encountering serial

static fidownload bar o appear ed 430s, randomly selécfed) that didhre
begin downloading until after entering the wait phase. Downloads could be quit during the wait phase.
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Table4-1: Cohort information in chronological order of data collection

Cohort1l | Cohort2 | Cohort3 Cohort4 | Cohort5 | Cohort6

Date Spring 2014 Spring 2014 Fall 2016 Spring 2017 Spring 2017 Fall 2017

Species Rat Human Mouse Rat Human Mouse

Fisher Brown-
Breed Brown-Norway undergraduates C57BL6) undergraduates C57BL6)
Norway
Sample Size & Sex 22 (M) &0 (F) 4 (M) & 13 (F) 32 (M) &0 (F) 4(M) &6 (F) 24 (M) & 41 (F) 32 (M) &0 (F)

Age 8-12 months 19.63 years (mean) 13 weeks 6-10 months 20.23 years (mean) 13 weeks

Task Variant

wait zone only

wait phase only

offer zone + wait
zone

offer zone + wait
zone

offer phase + wait
phase

offer zone + wait
zone

Experimenters &

1(M)&1(F) 3 (M) &5 (F) 2 (M) &3 (F) 2 (M) &2 (F) 0(M) &6 (F) 3(M)&3(F)
Gender
Length of Training 20+ days 5 minutes 70+ days 20+ days 5 minutes 70+ days
Food Deprivation >80% free weight N/A >80% free weight >85% free weight N/A >90% free weight

The sequence of experiments that took place across labs inspired and informed subsequent experim
similarities and differences across species in fact reflect a strength that our work capitalizes on, demol
robustness of main effects despiese variations as well as harnessing interesting differences in certain ¢
because of betweegohort differences. The approach and design we used makes this naturalistic foraging tas
expandable to a wide variety of populations, includinfedéint ages or patient populations in humans (*undergr
are an interesting breed in their own right), as well as other species, beyond rodents.
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walls. Cohort 3 mice were tested in an enclosed apparatus with walls after initial failed atterdptg buil
open apparatus without walls during the translation processes. Therefore, Cohort 4 rats were tested in an
enclosed apparatus with walls to match mice.) We would argue that in spite of these differences, we still
observed robust effects. The facatihe effects are so remarkably similar across species and task

variations despite the experimental differences increases our confidence in our results.

Mice

32 C57BL/J6 male mice, 13 weeks of age, were trained in Restaurant Row. Mice werbcirsgldn a
temperatureand humiditycontrolled environment with a #2r-light/12-hr-dark cycle with water ad

libitum. Mice were food restricted to a maximum of 85% free feeding body weight and trained to earn their
entire dayos f oehdRetsaardnt Rowtesting sessiomy A iteflieatiom cotort of an

additional 32 mice were run. These mice were intentionally food restricted to a lesser extreme (a maximum
of 90% free feeing body weight). All experiments were approved by the University of Minnesota

Institutional Animal Care and Use Committee.

Rodent flavored-pellet training (mice)

Mice underwent 1 week of pellet training prior to the start of being introduced to the Restaurant Row maze.
During this period, mice were taken off of regular rodent chad introduced to a single daily serving of
BioServ full nutrition 20mg dustless precision pellets in excess (5g). This serving consisted of a mixture of
chocolate, banang grape, and plainflavored pellets. Next, mice (hungry, before being fed thely da

ration) were introduced to the Restaurant Row maze 1 day prior to the start of training and were allowed to
roam freely for 15min to explore, get comfortable with the maze, and familiarize themselves with the
feeding sites. Restaurants were marked witigue spatial cues. Feeding bowls in each restaurant were

filled with excess food on this introduction day.
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Restaurant Row procedure (mice)

Task training was broken into 4 stages. Each daily session lasted for 1hr. At test start, one restaurant was
ranbmly selected to be the starting restaurant where
shaped offer zone from the appropriate direction in a coefdekwise manner. During the first stage (day

1-7), mice were trained for 1 week beingejivonly 1s offers. Brief low pitch tones (4000Hz, 500ms)

sounded upon entry into the offer zone and repeated every second until mice skipped or until mice entered
the wait zone after which a pellet was dispensed. To discourage mice from leaving eaetedipediten,
motorized feeding bowls cleared any uneaten pellets upon restaurant exit. Left over pellets were counted
after each session and mice quickly learned to not leave the reward site without consuming earned pellets.
The next restaurant in the cdanclockwise sequence was always and only the next available restaurant
where an offer could be made such that mice learned to run laps encountering offers across all four
restaurants in a fixed order serially in a single lap. During the second stagel@pymice were given

offers that ranged from 1s to 5s (4000Hz to 5548Hz, in 387Hz steps) for 5 days. Offers were pseudo
randomly selected such that all 5 offer lengths were encountered in 5 consecutive trials before being re
shuffled, selected indepenuty between restaurants. Again, offer tones repeated every second in the offer
zone indefinitely until either a skip or enter decision was made. In this stage and subsequent stages, in the
wait zone, 500ms tones descended in pitch every second by 3&pdzetinting down to pellet delivery.

If the wait zone was exited at any point during the countdown, the tone ceased and the trial ended, forcing
mice to proceed to the next restaurant. Stage 3 (ddy L8onsisted of offers from 1s to 15s (4000Hz to
941&z) for another 5 days. Stage 4 (day7A3 offers ranged from 1s to 30s (4000Hz to 15223Hz) and

lasted until mice showed stable economic behavigagy 1-30s and weltrained 130s timepoints used in
analysesnclude the first 5 and last 5 days of stdg&Ve used 4 Audiotek tweeters positioned next to each
restaurant powered by Lepy amplifiers to play local tones at 70dB in each restaurant. We recorded speaker
quality to verify frequency playback fidelity. We used Med Associates 20mg feeder pelletsdispand
3D-printed feeding bowl receptacles fashioned with manivos to control automated clearance of uneaten
pellets. Animal tracking, task programming, and maze operation was powered by AnyMaze (Stoelting).

Mice were tested at the same time everyidaa dimlit room, were weighed before and after every testing
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session, and were fed a small pesssion ration in a separate waiting chamber on rare occasions as needed

to prevent extremely low weights according to IACUC standards (not <85%efday weights).

Rats

10 Fisher BrowrNorway rats (4 male, 6 female), aged betwedr2 8nonths, were trained to run the
Restaurant Row task variant with an offer zone. 22 Brblenvay rats (male), aged betweel 83 months,
were trained to run the RestauranwRask variant without an offer zone. Rats were sifglased in a
temperature and humidigontrolled environment and kept on a 12hr light/dark cycle with water ad
libitum. Rats were food restricted to a maximum of 80% free feeding body weight and treinéaod

each day during their-ir Restaurant Row session. All experiments were approved by the University of

Minnesota Institutional Animal Care and Use Committee.

Rodent flavored-pellet training (rats)

All rats were given 8 days of handling and pellet training prior to being introduced to the Restaurant Row

t ask. Handling consisted of r oa2@minuges daityererlpalleton t he e
training, rats were taken off ad libitum &ss to Teklad rodent chow and given 1hr of access to 15g of

TestDiet full nutrition 45mg purified rodent tablets in four unique flavors (chocolate, banana, cherry,

plain). Rats were allowed to eat freely, either while being handled, in a bedeingagepr a combination

of both.

Restaurant Row procedure (rats)

Training in the task variant with an offer zone consisted of four training phases. Each session lasted 60min.
Rats ran each phase for five days. Phase one consisted of 1s delays at eachtr&taseanvo consisted

of randomly selected delays fronbs. Phase three includedlbs offers, and phase four had the final

delay range of -BOs offers. Training in the task variant without an offer zone in a separate cohort of rats
was slightly differeh These rats were initially trained twice a day in 30min sessions. Training began with 5

days of 1s offers at all feeder sites. Then, the randomized list of delays presented to animals was expanded
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to 1-2s, 13s, }4s, and 15s delays over 4 consecutivayd. Rats then received 10 days «#0k delays.

Next, rats switched to once a day 60min testing sessions u8idg delays. All delays were randomly

selected and varied between day and restaurant. In the task variant with an offer zone, maze contingences
were similar to mice described above. In the task variant without an offer zone, delay countdowns began
immediately upon entry into the restaurant. Rats ran in a counter clockwise direction, where offers were
only triggered if the rats passed through e&sftaurant in serial order, such that trials would not be

triggered when running backwards. After triggering a trial, the next available restaurant where an offer
could be made was always the restaurant immediately after the last restaurant triggareiéseegf if an

offer was accepted or declined. Rats were run at the same time each day in a very dimly lit room. At the
start of the task, rats were always placed on the maze in the same place. Rats were weighed before running
the task. If a rat was at oear their 80% weight and did not receive enough food on the track during their
running session, they were fed no sooner than a half an hour after completing their running session. Maze
operation was done by Matlab. We used 45mg Med Associated feedetér the pellets into ihouse

3D printed feeding bowls.

Humans

65 undergraduate students from the University of Minnesota completed th&Webask (24 male, 41

female, mean age = 20.23 years), and an additional 17 completed the task variantanitbfter zone (4

male, 13 female, mean age = 19.63 years); of note, 14 of these 17 subjects represent a subset of the data
presented in Abram et al. 2016. Participants received compensation in the form of extra credit towards
psychology courses. Ethnigiof subjects included 73% White, 16.5% Asian, 4.5% Black/African

American, 2.5% Hispanic/Latino, 0.5 American Indian/Alaska Native, 0.5% Native Hawaiian/Pacific
Islander, and 2.5% other. The University of Minnesota Institutional Review Board approvedithe

study procedures, and all undergraduate subjects provided written informed consent.
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Web-Surf procedure

In the task variant with an offer phase, subjects had 30 minutes to travel between four galleries that
included video rewards; we used the saategories described in Abram et al. 2016: kittens, dance
landscapes, and bike accide(ibram et al. 2016)Offers were presented in text and with a webgége

progress bar. When subjects arrived at a gallery, they first had the option to stay bitlskipchose to

skip, they traveled on to the next gallery and encountered a new offer. If they stayed, they entered the wait
phase, and the progress bar begins to count down. At any point before the delay finished, the subject could
elect to quit, whib again led the process of traveling to the next gallery. If the subject stayed through the
entire delay, they were shown a video reward for 4 seconds, after which they rated the vided from 1

most enjoyed) according to how much they liked that vitlében traveling between galleries, subjects
pressed a series finexto buttons as they randomly ap
a slightly darker shade of gray to increase task difficulty. For training, subjects completed Sfamiced

trials to illustrate what happens in the enter, skip, and quit conditions. The-firoiee trials are followed

by 8 additional practice trials where subjects make decisions.

In the task variant without an offer phase, subjects similarly had 3@esito travel between the same four

categories, with offers presented in the same manner. In this variant, the delay began to countdown

immediately upon gallery arrival. Subjects then had the option to quit and move on to the next gallery or

continue to wit for the delay to finish. Videos were again shown for 4 seconds, and subjects rated each

viewed video on a-# scale (4 = most enjoyed). When passing between galleries, subjects clicked a series

of Anexto buttons that r aaedihabutionsaveeshoavniedarkgraydsound t he
blend into the background to increase task difficulty. For training, subjects completed 2diooosaltrials

to illustrate quit decisions, followed again by 8 practice trials where they could decide wheathiror

earn. Regardless of the task variant, subjects ranked the categories by preference (agadn4rermbst

preferred) after the testing session in a ppesting debriefing survey.
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Sunk cost data analysis

All data were processed in Matlab astdtistical analyses were carried out using JMP Pro 13 Statistical
Discovery software package from SAS. The main analysis carried out in the manuscript critical to our
findings included computing linear regression models of earning probability in theomaitas a function

of either time remaining in the wait zone or time spent in the offer zone. These analyses compare the slope
coefficients of these regressions interacting across various sunk cost conditions using an ANOVA with
p(earn) as the dependentiable and timaemaining x sunk cost condition as factors. Importantly, control
analyses were realculated to control for subtle skews in different dataset availability distributions between
the various sunk cost scenarios. Comparisons of interest @tctedting regression coefficients of the zero
sunk cost condition against each sunk cost conditidata originating from black dataset against color
datasets after taking into account proper adjusted control datasets as well as testing regressientsoeffi

of each sunk cost condition against other sunk cost conditioakr data against color data, again, after

taking into account proper adjusted control datasets.

Modeling sub-optimality

In the Restaurant Row and W&irf Tasks, decisions to abamdan ongoing investment appear highly
suboptimal at face value, particularly if subjects were cued of the offer cost at trial onset before accepting.
A potential optimal strategy could include making smart offer zone decisions to skip vs. enter iffgrmed

cued offer cost and never quitting once in the wait zone. Taking advantage of the economic nature of these
tasks, we characterized the efficiency of observed behaviors by generating a computer model that predicted
optimal number of rewards that could é&rned if subjects were behaving as efficiently as possible.

Opti mal behavior was based on each individual 6s beh
subjective threshold of willingness to wait in each restaurant) if they were behaving as &ffagent

possible (using the fastest quartile of reaction and consumption times, by following their revealed
preferences strictly, by never quitting). Proportion of actual observed earnings relative teprediskd

maximally optimal earnings was calculated
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Results

All three species learned to forage in a way that revealed preferences for certain rewards and all species
used reliable subjective valuation strategies to decide between multiple competing rewaligffiees

4.2).

The value of a reward cdoe assessed in multiple ways. Often, this is measured in an instrumental manner,
where how willing a subject is to take a reward (e.g., measured in amount of resources spent, effort
expended, or behavioral invigoration) can reflect reward valuation.i§ bametimes referred to as reward
seeking,reward a ki ng, or @ wlarkeéta.@@l2; Baridge 4296h the Restaurant Row

and WebSurf Tasks, these are measurable in efied wait zone choice behaviors. These are distinct from
postconsummatory valuations after an individual has earned a reward. Suglopssiption valuations

are sometimesreferredo as hedoni ¢ oBerridge 19R6)Imtlge dRRestaardnttRavw dnad n s
Web-Surf Tasks, these can be measured after subjects earned rewards. In humans, this is more overtly
assessed, since subjects were asked to rate each video on a scalé {lrmbst enjoyed) immediately
after viewing (or ficonsumingodo) the short (4s) video
subjective valuation on this task (Figet&C-J). Importantly, naturally enjoyable videos were used to

mimic the same immedia consummatory nature of interal pellet eating used in many appetitidgven

rodent laboratory studies (which is unlike many human studies that use hypothetical ratings, money, or
other tokensystems redeemed at the end of testing). Interestinglfouwel that rodents, after earning and
consuming food pellets on the Restaurant Row task, often lingered at the reward site before advancing to
the next trial at the next restaurant (FigdréG,H). Surprisingly, rodents typically spent ~50% of the entire
1hr testing session engaging in this lingering behavior. This decision to linger rather than leave, where no
overt reward is being sought out, may represent a conditipiaeé preferencdike effect associated with
each r est aur arfGlaékst alu20li2)ipterestingly, rdeatxlingered longer in mgneferred
restaurants (Figur¢3G,H). Therefore, we can take this behavioral metric as one that is (a) distinct from an

instrumentalreward a ki ng or fAwanti ngd v pdstaoasurnptiomhedognib) appear s
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Figure 4.2: Economic thresholds and budgets in RestauRm and WeltSurf Tasks
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(A-C) Mice (A), rats (B), and humans (C) entered low delays and skipped high delays in the offer zone, while infre
quitting once in the wait zone (black dots). Dashed vertical black lines represent calculated offandzom&it zone
ithresholdso of willingness to budget time. Thresho
earns vs. neearns as a function of offer cost.-f) Threshold variability between flavors along thexis in mice(D), rats
(E), and humans (F) as well as within flavor across days alongakis yn mice (D) and rats (E). Threshold variability acrc
days in rodents was relatively stable:Ij@robability of trials that were either earned when the offer was gteatethreshold
or not earned when the offer was less than threshold in mice (G), rats (H) and humans (1).
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Figure 4.3: Multiple valuation metrics of subjective preferences

(A-C) Flavors were ranked from leasb mostpreferred by summing the number of rewards earned in each restaur:
gallery in a single session. Panelswtmme example session in mice (A), rats (B), and humans (&)) f&verage thresholds
sorted by rankings as defined in-@ were higher for morgreferred flavors in mice (D), rats (E), and humans (Fl)(C
Postconsummatory hedonic valuations sorteddmykings as defined in (&) we higher for morgreferred flavors in mice
(G), rats (H), and humans (I). See Supplemental Discussion. (J) After the testing session was completed, huma
stated rankings in a survey debrief session. Stated preferemee higher for morpreferred genres sorted by rankings
defined in (C). Multivariate Pearson and Spearman correlation analysis controlling for multiple comparisons found
valuation metrics (earn rankings, calculated thresholds;quostumpin behaviors, and stated preferences [humans or
significantly correlated with each other within each species (all correlations, P<0.001).
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