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Value-based decision making relies on distributed neuralystems that weigh the bene ts
of actions against the cost required to obtain a given outcora. Perturbations of these
systems are thought to underlie abnormalities in action settion seen across many
neuropsychiatric disorders. Genetic tools in mice providea promising opportunity to
explore the cellular components of these systems and their wlecular foundations.
However, few tasks have been designed that robustly charaetrize how individual mice
integrate differential reward bene ts and cost in their selction of actions. Here we present
a forced-choice, two-alternative task in which each optioris associated with a specic
reward outcome, and unique operant contingency. We employe global and individual
trial measures to assess the choice patterns and behavioragxibility of mice in response
to differing “choice bene ts” (modeled as varying reward mgnitude ratios) and different
modalities of “choice cost” (modeled as either increasingepetitive motor output to
obtain reward or increased delay to reward delivery). We deamstrate that (1) mouse
choice is highly sensitive to the relative bene t of outcoms; (2) choice costs are heavily
discounted in environments with large discrepancies in rative reward; (3) divergent cost
modalities are differentially integrated into action sed#ion; (4) individual mouse sensitivity
to reward bene t is correlated with sensitivity to reward cats. These paradigms reveal
stable individual animal differences in value-based actioselection, thereby providing
a foundation for interrogating the neural circuit and moladar pathophysiology of
goal-directed dysfunction.

Keywords: operant behavior, mouse, cost-bene t, economic ch oice, exibility, value, decision-making

BULLET POINTS:

Novel protocol to reveal stable “trait-like” measures ofrgabased choice in mice.

Mice integrate relative rewards and costs associated withirdhg those rewards in selecting
future actions.

Reward costs are heavily discounted in the context of largerejpancies in outcome bene t.
Both increased operant scheduling and temporal delay to rewaodease the relative value of
choice alternatives, but do so in divergent manners.

Sensitivity to reward bene tis correlated with sensitwio cost at the individual animal level.

Frontiers in Neuroscience | www.frontiersin.org 1

February 2019 | Volume 13 | Article 50


https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://doi.org/10.3389/fnins.2019.00050
http://crossmark.crossref.org/dialog/?doi=10.3389/fnins.2019.00050&domain=pdf&date_stamp=2019-02-07
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroscience#articles
https://creativecommons.org/licenses/by/4.0/
mailto:fuccillo@pennmedicine.upenn.edu
https://doi.org/10.3389/fnins.2019.00050
https://www.frontiersin.org/articles/10.3389/fnins.2019.00050/full
http://loop.frontiersin.org/people/610771/overview
http://loop.frontiersin.org/people/206645/overview

Alabi et al. Mouse Value-Based Choice Paradigm

INTRODUCTION varying reward probability Ieichen et al., 2012; Tai et al.,
2012; Parker et al., 20)L8n addition, the integration of choice
In order to make optimal choices in a complex world, individualsphene t and cost has been explored within the context of dedaye
must be sensitive to the costs and bene ts of particular astio discounting, whereby larger reward volumes are associattd
and integrate those components to holistically control mroto jonger temporal delay to reward deliver@iferlin and Grahame,
output (Floresco et al., 2008; Cox et al., 2015; Louie et abpo9; Boomhower and Newland, 2016; Pope et al., 2046
2015; Kroemer et al., 2016; Mikhael and Bogacz, 2016; Friedmgelated attempt at quantifying the discounting of bene t too
et al., 201). As neuroeconomic approaches to decision-makintdvantage of the natural tendency for mice to avoid brightly
have ourished Kable and Glimcher, 2007; Montague, 2007jit spaces as a xed cost against which rising bene ts were
Glimcher, 2014; Khaw et al., 201 there is increasing interest compared Friedman et al., 2097 In our work, we sought to
in the cellular and circuit-level neural mechanisms thapgort  systematically investigate how bene ts and two distinct t/pé
value-based action selectiofie( et al., 2012; Wang et al., 2013;action-associated cost are integrated to regulate acétetson,
Xiong et al., 2015; Parker et al., 2016; Padoa-Schioppa afgth a speci ¢ focus on individual mouse di erences. Toward
Conen, 201). These directions provide a strong foundation this end, we developed a trial-based, forced-choice, sewiatsal
to better understand how physiological di erences in rewardparadigm that forces mice to make sequential decisions by
processing contribute to behavioral diversity. Furtherexahey  ysing previous reward history to continually update subjetiv
may eventually inform our conception of neuropsychiatricchoice values. To characterize the subjective value afrestive
disorders, which often manifest de cits in value-basedick@s measured response bias and performance across a wide dynamic
major features of their behavioral pathology«(-Avakian and  range of reward outcomes and contingencies.
Markou, 2012; Griths et al., 2014; Gold et al., 2015; Solomo  \We demonstrate that mice behaviorally manifest internal
etal., 2015; Albrecht et al., 2016; Collins et al., 2017eté€Rl.,  representations of value by altering the distribution and
2017; Zald and Treadway, 2917 execution of their choices in response to previously rewarded
A number of model systems have been employed t@utcome magnitudes. Furthermore, we show that two unique
characterize the behavioral aspects of reward processinglbs W.ost modalities, increased eort to reward and increased
as the neural circuits mediating value representation in thelelay to reward, generate similar devalued responses
brain (Samejima et al., 2005; Sugrue et al., 2005; Floresco et it integrate into decision-making via divergent choice
2008; Lau and Glimcher, 2008; Gan et al., 2010; Sul et ghechanisms. Finally, longitudinal, cross-session arslys
2010; Cai et al., 2011; Levy and Glimcher, 2012; Tachibaisdividual animal value-processing revealed stable pasterh
and Hikosaka, 2012; Wang et al., 2013; Khaw et al.,)201 hehavioral performance, consistent with reproducible “tiaie”
While the “gold-standard” for these cognitive studies haisgl  responses to reward, e ort and delay. Together, these ndings

been primates ugrue et al., 2005; Gold and Shadlen, ¥007represent a robust behavioral approach for understanding
rodents o er numerous advantages for pharmacological, cellgircuit control of value-based choice in normal and

type, and circuit-speci ¢ molecular approachesafandini and  disease-modeled states.

Churchland, 2013; Jaramillo and Zador, 2R1Accordingly,

behavioral approaches in rats have signi cantly informed our,

understanding of the interplay between reward processing anMATERIALS AND METHODS

choice. While too numerous to cover here, paradigms suclAnimal Subjects

as devaluation, reversal learning, delayed-discountpgrant Animal procedures were approved by the University of

response scheduling, and probabilistic reward tasks have bePennsylvania Laboratory Animal Care and Use Committee and

employed to examine value encoding, response exibilityetim carried out in accordance with National Institutes of Health

dependent value decay, willingness to work, and choice petter standards. Twenty-four adult male C57BI6/J mice (The Zacks

under uncertainty, respectively'i( et al., 2004, 2005b; Floresco Laboratory, stock# 000664) were used in this study. Animatew

etal., 2008; Castané et al., 2010; Ko arnus et al., 2011eMdr,  housed in cages of at least four, wih libitum access to water.

2011; Hosking et al., 2015; Yates and Bardo, gManipulations  Mice were food-deprived to 85-90% of normal body weight and

and recordings done in the context of these behavioral modelsaintained at this level for the duration of experiments. Cayd

have begun to reveal the contribution of distinct brain @  in which no experiments were conducted, mice were weighed and

to aspects of value processing and goal-directed decisiomgnak allocated 0.2 g extra chow relative to their recent dailgvedince

(Yin et al., 2004, 2005a, 2006; Jones et al., 2012; Gourley ettalaccount for di erences in caloric intake between experinaen

2016; Hart et al., 20)8 and non-experimental days. Mice were given supplemental food
The use of mice to characterize economic choice behavior hifstheir weight fell below 85% of their initial weight. Mice vee

thus far received less attention. While there have been toubkept on a 7a.m.—7 p.m. regular light-dark cycle and maintained

about the ability of mice to perform the complex cognitivein constant temperature and humidity conditions.

tasks required to assess value-based choit=afdini and

Churchland, 2013; Jaramillo and Zador, 2jjl#ecent work Behavioral Apparatus and Task Structure

contradicts this idea Tai et al., 2012; Parker et al., 2016;All experiments were conducted inside a modular chamber

Guo et al., 2018 As in rat, choice selection under outcome with dimensions 8.5 7.12 5inches (W D H) (Med

uncertainty has successfully been modeled with altereatnf Associates, Inc., Burlington, VT). Each chamber contaiaed
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modi ed reward magazine through which liquid reward was according to experiment and reward probabilitiesfPD 1.0,
pumped directly into a custom-made receptacle. On either sid8.7, 0.4) were equally applied to both levers. These contaigen

of the magazine were retractable levers which had to be fullywere held constant for the duration of a session. Followingjad
depressed to register choices. A light in the magazine turneskelection, both levers retracted and the 5 s reward phasatit

on to indicate the beginning of each trial, after which anlma ~ To prevent outcome-insensitive behavior, we employed a
were required to make a sustained (200 ms) magazine heagl entmoving window” to trigger changes in lever-reward assticia

to initiate the choice period. The choice period was marked byFigure 1B. When 8 of the last 10 actions were allocated to
the extension of levers on either side of the reward magazinéhe large reward volume side, an un-cued contingency shift
illumination of lights immediately above the protracted égs, ipped the lateralization of the high and low bene t alternaés.
and extinction of the magazine light. Mice then had an x-sed@he probability of reinforcement as well as the relative revar
temporal window (contingent on current protocol) to register contrast between choices were kept consistent over individual
choice via lever press, after which the lever retracted amd thsessions. Sessions were limited to 1 h, or 360 trials, whechev
trial was considered an omission. Following successfulceho occurred rst. Each relative reward contingency was perfedm
selection, the levers were retracted and a variable volume on the same animal in a semi-random order (contingencieswer
liquid reward (Boost, 70%, Nestlé) was delivered via the cent@ever repeated on adjacent days).

magazine, which had its light turned on for the duration ofth L

reward period. Reward volumes were determined by variablPplication of Response Costs

activation time of single-speed syringe pumps (pre-determineVe decided to model costs as operant contingencies that
for each pump in prior calibration sessions, Med Associatesgither increased the number of required operant responses
Mice were allowed 5s for reward consumption after which alPr the temporal delay prior to reward delivery. Costs were
box lights were inactive for a 1s inter-trial interval prioo t €xclusively associated with the large reward bene t altivea
next trial start. All magazine entries (detected by intgutian of ~ in all contingencies. In tasks in which repetitive motor outpu
infrared beam) and lever presses were recorded by MedAsssciayvas required, selection of an alternative led to retractbthe
software (MedPC-IV). Data were exported to Microsoft Excel vidinselected lever and extinction of the corresponding leiggt

MedAssociates software (MED-PC to Excel). The selected alternative remained protracted until the alim
completed the required motor repetitions. In tasks in which a
Simple Action Outcome Contingency temporal disparity was introduced between choice and outcome

In the rst stage of training, animals were habituated to selection of an alternative initiated the requisite timsymirity,
behavioral boxes for 10min., followed by a program thatvithnolightindicating the presence of reward. Upon completion
delivered 10mL of reward every minute for 40 min. via the of the time delay, the reward period was triggered with the
magazine port. Reward delivery was not contingent on mous#lumination of magazine light and delivery of the appropriate
choice. Upon reward delivery, the magazine light turned orvolume of reward. Each cost-bene t contingency was performed
for 10s to cue the mouse to reward, followed by a 50s intefon the same animal in a semi-random order (contingenciesewer
trial interval. After 3 days in this introductory program, we hever repeated on adjacent days).

learned a lever press-reward contingency. Trials wereaieiti as . .

described previously. During the choice phase, 1 of 2 levers WeAna‘IySIS of Behav!oral Performancg )

protracted, at random, on each trial. Mice had a 10s tempor. ata'were analyzed using custom-wr!tten scripts develoij n

window to register their choice via lever press, otherwigsdeer tudio(3.3.1) R Core T_eam, 20)/making use (.)f base functions
supplemented by RmisdHppe, 201} plyr (Wickham, 201),

retracted and the trial was considered an omission. If aléma - ; .
registered a selection within the given choice time,nilO of and reshe_\peZV(llckham, 200y packages. All analysis code is
freely available upon request.

reward was delivered (&, D 1.0). Sessions lasted 45 min with no The A Block Lenath th ; .
trial number limits. After nine sessions, mice that had contgde calcu;te\c/ieazzge ock Length over Ihe course of a session was

2 consecutive days of150 trials or 1 day 200 trials progressed |

to the serial reversal task. If mice missed this deadlirey there X
again assessed after sessions 12 and 15. Mice that failedtto me Average Block Lengih BL =n
these criteria by session 15 were excluded from the studyJ). iD1

whereBL; refers to the number of trials till a contingency switch

Se.nal Reversal TaSk. . I . in the ith block of an individual session and n is the number of
Animals that met the criteria for acquisition of the action- . .
blocks completed in a session.

outcome contingency progressed to a forced-choice two- - )
) . - . . Overall session performance was calculated as:
alternative serial reversal paradigm. Trials began as in the
previous protocol, with illumination of the magazine lightgain, ClLarge
mice initiated trials with a 200-ms sustained magazine ygntr Prof{Large RewafdD
which led to the choice period. Mice then had a 5s temporal
window to register their choice via lever press, otherwigdélver  whereCargeand Crotg refer to the total number of choices to the
retracted and the trial was considered an omission. On evetarge reward alternative and the total number of choices enad
trial, both levers were presented. Reward volumes were varieah individual session, respectively.

‘Total
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FIGURE 1 | Acquisition of value-based choice paradigm is accompaniedby dynamic changes in reinforcement(A) Schematic of trial structure showing that mice
initiate trials via sustained magazine entry, respond viaver press during speci ed temporal window, and collect rewads from center magazine.(B) Block
structure—trials with the same contingency occur consecttely until mice select the alternative with the large rewdieight times in a proximal window of 10 trials.
Dotted lines signify block switch and gray box denotes 10-ial moving window for triggering contingency switch(C) Mice that were trained in a simple lever
(Continued)
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FIGURE 1 | press-reward contingency were initiated into the reversglaradigm at one of three probabilities of reinforcement. Oany given trial, one alternative
resulted in reward and the other resulted in no reward @@w D 1, n D 5; Prew D 0.7, n D 11; Prew D 0.4, n D 5). (D) Block length, the average number of trials until a
contingency switch, decreased over the duration of the traiing period in a reward probability dependent fashion(E) The overall probability that mice select the large
reward increases over the duration of training in a reward pbability dependent fashion.(F) Logistic regression modeled the effects of past reinforceron subsequent
choice in early € 1,000 trials, top) and late ¥ 2,000 trials, bottom) periods of acquisition. We performednultiple t-tests comparing “Large Reward” and “No Reward”
coef cients to assess which reward outcome types were reinfocing (signi cance indicated by asterisk, corrected for mulple comparisons using Holm-Sidak). In early
acquisition, only the T 1 trial at Prew D 1 was positively reinforcing relative to no reward outcomeln later acquisition, the T 1 trial was signi cantly reinforcing for all
probabilities tested.(G) The probability that animals stayed on a choice alternativafter receiving a large reward (Pr(Reward)-Stay) increasever the course of
training in a reward probability dependent mannei(H) There was a signi cant effect of acquisition day on the probaliity that animals stayed on a choice alternative
after receiving no reward (Pr(No Reward)-Stay), howeverapwise comparisons revealed few differences in these vas and we noted no consistent differences over
the course of multiple days.(I) The relative action value, de ned as the reinforcing propeytof large reward vs. no reward outcomes, increased as animalgain
experience in this paradigm in a reward probability depend# fashion. All data analyzed by Repeated Measures (Day) Twvay ANOVA.

The Relative Action Value of a larger volume outcome, A, vs. A logistic regression model was used to model current choice

a smaller volume outcome, B, was calculated as: as a function of past actions1(D 5 trials) and their resulting
0 1 outcomes:
1PrF§'r2\) i X X
Relative Action Valu® In @?A o - R(Ipz(i) D oC WRRi pcC SSRi p
1 Pr(B) pD1 pD1
where Pr(A) and Pr(B) refer to the probability that mice stay o C X NRNR i p Cerror
the choice alternative producing the larger volume outcodg ( pD1 P
and the smaller volume outcome (B), respectively, on thé T
trial. where R(i) is the probability of choosing the right-sided
Adaptability Index was calculated as: alternative on théth, current, trial. LRi-p), SR{-p), and NR{-p)

1 refer to the outcomes of thgth previous trial. LRi¢p) is de ned
|_ip°$t §P°St C |_ine §fe such that LRi¢p) D C1 if an animal received a large reward on

A =n the pth previous trial resulting from a right press, al if an
iD1 10 animal received a large reward on b previous trial resulting
from a left press and O if the animal did not receive a large
reward. SR{p) and NR{-p) are de ned similarly for trials that
resulted in small reward and no reward outcomes, respegtivel
Together these variables account for lateralization of glasices
and the resultant outcomes. This method assumes equivalent
reinforcement from outcomes regardless of the laterabraof
choice. Regression coe cients were t to individual mouse aat
using theglmfunction in R with the binomial error distribution
family. Coe cient values for individual mice were averagtx
generate the plots and perform the analysis observé&ijare 1F
andFigure 4.

Adaptability Indexd @

where L’ and LP** refer to the number of large alternative

selections in the 10 trials before and after flle contingency
switch in an individual session ang"® and §°° refer to the
number of small alternative selections in the same time wind
n is the number of blocks completed in a session.

Relative Initiation Latency was calculated as:

post
i

Relative Latency to Initiate -
Latinitgmay

where Latlnit argeand Latlnitsmy refer to the average latency to Reinforcement Learning Model
initiate trials following large reward and small reward ooimes, \ye t an adapted Q-Learning Reinforcement Model with four

respectively, in an individual session. arameters to our behavioral dataytton and Barto, 1998; Daw,
the choice distribution of individual animals was calceldas: of each mouse and resulting outcomes. Similar to our lagisti
_ _ regression model, the reinforcement model assumes thatehoi
Cost Discountingyiyigual D RAVcost  RAVNoCost behavior is heavily in uenced by the subjective value ofheac

alternative on a given trial. Action values for the two aftatives
whereRAVcostand RAVNocostrefer to the relative action values were initiated at 0 and values were updated via the followiresr
for animals in reward contingencies with and without cost
considerations, respectively. The magnitude of values septe QciDQXC (R Q)
the degree to which costs decrease (negative values) @aser
(positive values) the relative value of choice alternativeghich ~ where Q; is the value of the action taken on triadland R; is
costs have been applied. The relative sensitivity of anintals the reward volume resulting from that actiol® ~ Q thus
particular cost modalities was calculated as the z-scordisf t de nes the reward prediction error on a given trial and this
value. value, scaled by the learning rate),(is used to update the
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value of subsequent actions. In this contextdetermines the as well as the overall probability that mice chose the rewrde
extent to which new information about the state-action pagfi outcome [Pr(Large Reward)] served as global measures of
alters subsequent behavior. In keeping with standard Q-fegrn choice e ciency in this task Figure 1B. We observed that
models, values for the unchosen alternative were not updatethese two measures tracked in opposite directions over 10 days
In order to model the choice behavior of mice based on thesef training, with the average block length steadily dedregas
action values, we implemented a softmax decision function t¢Figure 1D), and the overall rate of large reward selection steadily
convert values into action probabilities. The operator congaut increasing Figure 1B, both in a reward probability-dependent
the probability of choosing an alternative A on trial t as: manner. Consistent with increased global task e ciency,
L we observed a reduction in choice and initiation latencies
(Figures 2B,Q.
Pa-t/ D 1Ce? ; where To understand the changes in action selection underlying
zD .Qa.t/ Qg.t//IC C 1Cc this increased behavioral e ciency, we explored how reward
di erentially shaped behavior in early and late periods oftiag.
The inverse temperature parametbr,is the regression weight When rst presented with a choice between levers following
linking the values of each option to the choice output. Highrewarded outcomes, mice exhibited random choice preference
values for indicate mice more readily exploit di erences in Upon further training, these distributions became biased
action values between the alternatives, while lower valuggest toward choices that produced proximal rewarded outcomes
that mice exhibit more exploratory behavior. To account for(Figures 1E,G. To further probe the factors in uencing mouse
the global preference or aversion of mice to choices they hawecision-making in this task, we employed a logistic regoess
recently made, we included a termC; 1, whereC; 1 is an model (Lau and Glimcher, 2005; Tai et al., 2012; Parker et al.,
indicator variable that denotes whether the animal setbcte2016 to quantify how an animal's previous choices and resulting
alternative A on the previous trialqt 1 D 1 if animal selected outcomes impacted their subsequent choices during early and
choice A andD 1 otherwise). represents the extent to late learning. In contrast to models generated from trialgarly
which the animal's previous choice in uences its subsequerlearning Figure 1F, top), trials from later periods of training
choice irrespective of outcome. The constant value, c, capturrevealed a marked in uence of the immediately precedingl tria
any existing preference for a particular choice alternative. (T 1) on future choice Eigure 1F, bottom). The degree to which
order to t this model to our choice data we performed a prior trials contributed to current choice varied accordirg
maximum likelihood t using function minimization routine  reward probability, with sparse conditions g D 0.4) driving
of the negative log likelihood of models comprised of di erentless robust control of current behavior. Given that the auie
combinations of our three parametera,(b, , c) in MATLAB  of the T ! trial largely determined future choice for higher rates

(Voetal., 2015 of reinforcement (R D0.7 and 1; the reward environments for
o our following experiments), we focused primarily on this trfiat
Statistical Methodology analyses of behavior.

All data were initially tested with appropriate repeated measur \We hypothesized that overall e ciency in this task would
ANOVA (Prism 7.0). Main eect and interaction terms be driven by increasing ability to (a) choose the higher value
are described both within gures and accompanying gureoptionand (b) exibly alter behavioral responding at contenry
legends. Results of relevapbst-hoctesting (Tukey's multiple changes. To better characterize how di erent outcome values

comparisons) are included ifable 1 alter mouse choice patterns, we systematically compared the
probability that animals returned to a choice after recegvin
RESULTS a reward (reward-stayFigure 1G) with the probability of
. . . returning after receiving no reward (no reward-stay [1-(no
A Dynamic Choice Paradigm to Probe reward-shift)], Figure 1H). This measure, which we call the
Value-Based Behavioral Selection “relative action value;” increased with training and plated

To generate a reliable global estimation of how individuakt 2.5, representing 12-fold higher odds of staying on an
animals weighed benets and costs, we employed a blockiternative that produced a 1BL reward as compared to a
structure design that maximized trial number while prevegti no reward alternativeKigure 11). Relative action value serves
outcome-insensitive behavior by dynamically altering aedv as an internally controlled metric describing the comparativ
contingencies in response to proximal choice patternseinforcing properties of distinct operant outcomes. To capture
(Methods, Figures 1A,B see outcome-insensitive e ects of how exible responding contributed to global task e ciencyew
xed contingency inFigure 2A). After acquiring a simple lever compared the choice patterns in the 10 trials before and after u
press-for-reward contingency, mice progressed to the dynamicued contingency switcheBigure 1B). This adaptability metric
reversal task. For initial training, one lever was assediatith  progressively increased across 10 days of training, sulggest
15 mL of reward while the other was unrewardeligure 1. the mice more dynamically modulated their behavior as they
Furthermore, feedback density was manipulated by applyingarned the overall task structur€igure 2D). Furthermore, we
reward probabilities to both choices &g D 1.0, 0.7, and 0.4 for noted a consistent trend toward greater exibility with Higr

di erent cohorts of mice throughout training). The number of reinforcement probabilities, consistent with the idea thagagve
trials performed between contingency switches (Block Lengthfeedback signals are particularly relevant for switchirtggvéors.
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TABLE 1 | Statistical results of pairwisepost-hoc comparisons for: Figure 1H —means of Pr(NO REWARD)-Stay for speci ed daystigure 3D —means of Pr(LARGE
REWARD)-Stay for different reward contrast and probab#it Figure 3G —means of Latency to Initiate for different reward contrastred probability; Figure 8E —means of
Pr(SMALL REWARD)-Stay for different temporal delays.

Mean 1 Mean 2 Mean difference Adjusted  P-Value Signi cance
FIGURE 1H: Pr(NO REWARD)-STAY
1lvs.2 0.575 0.528 0.047 0.135 ns
lvs.3 0.575 0.549 0.026 0.864 ns
1lvs. 4 0.575 0.555 0.021 0.967 ns
lvs.5 0.575 0.599 0.024 0.923 ns
1vs.6 0.575 0.584 0.009 1.000 ns
1vs. 7 0.575 0.564 0.011 1.000 ns
1vs.8 0.575 0.591 0.016 0.995 ns
1vs.9 0.575 0.561 0.014 0.998 ns
lvs. 10 0.575 0.573 0.003 1.000 ns
2vs. 3 0.528 0.549 0.021 0.959 ns
2vs. 4 0.528 0.555 0.027 0.846 ns
2vs.5 0.528 0.599 0.071 0.002 **
2vs. 6 0.528 0.584 0.056 0.032 *
2vs. 7 0.528 0.564 0.036 0.481 ns
2vs. 8 0.528 0.591 0.063 0.008 *x
2vs. 9 0.528 0.561 0.033 0.615 ns
2vs. 10 0.528 0.573 0.044 0.198 ns
3vs. 4 0.549 0.555 0.006 1.000 ns
3vs.5 0.549 0.599 0.050 0.095 ns
3vs. 6 0.549 0.584 0.035 0.533 ns
3vs. 7 0.549 0.564 0.015 0.996 ns
3vs. 8 0.549 0.591 0.042 0.275 ns
3vs. 9 0.549 0.561 0.012 0.999 ns
3vs. 10 0.549 0.573 0.023 0.927 ns
4vs.5 0.555 0.599 0.044 0.209 ns
4vs. 6 0.555 0.584 0.029 0.758 ns
4vs. 7 0.555 0.564 0.009 1.000 ns
4vs. 8 0.555 0.591 0.036 0.483 ns
4vs. 9 0.555 0.561 0.006 1.000 ns
4vs. 10 0.555 0.573 0.018 0.988 ns
5vs. 6 0.599 0.584 0.015 0.997 ns
5vs. 7 0.599 0.564 0.035 0.551 ns
5vs. 8 0.599 0.591 0.008 1.000 ns
5vs.9 0.599 0.561 0.038 0.420 ns
5vs. 10 0.599 0.573 0.026 0.857 ns
6vs. 7 0.584 0.564 0.020 0.973 ns
6vs. 8 0.584 0.591 0.007 1.000 ns
6vs. 9 0.584 0.561 0.023 0.930 ns
6vs. 10 0.584 0.573 0.012 1.000 ns
7vs. 8 0.564 0.591 0.027 0.847 ns
7vs. 9 0.564 0.561 0.003 1.000 ns
7vs. 10 0.564 0.573 0.008 1.000 ns
8vs. 9 0.591 0.561 0.030 0.740 ns
8vs. 10 0.591 0.573 0.018 0.983 ns
9vs. 10 0.561 0.573 0.011 1.000 ns
FIGURE 2D: Pr(LARGE REWARD)-STAY
Prew D 0.7
15/10 mL vs. 15/5 mL 0.928 0.959 0.031 0.150 ns
15/10 mL vs. 15/0 mL 0.928 0.958 0.030 0.174 ns

(Continued)
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TABLE 1 | Continued

Mean 1 Mean 2 Mean difference Adjusted  P-Value Signi cance
15/5 mL vs. 15/0 mL 0.959 0.958 0.001 0.996 ns
Prew D 0.4
15/10 mL vs. 15/5 mL 0.877 0.880 0.003 0.984 ns
15/10 mL vs. 15/0 mL 0.877 0.842 0.035 0.113 ns
15/5 mL vs. 15/0 mL 0.880 0.842 0.038 0.080 ns
FIGURE 2G: LATENCY To INITIATE
Prew D 0.7
15/10 mL vs. 15/5 mL 1.194 1.113 0.081 0.932 ns
15/10 mL vs. 15/0 mL 1.194 1.318 0.124 0.850 ns
15/5 mL vs. 15/0 mL 1.113 1.318 0.205 0.642 ns
Prew D 0.4
15/10 mL vs. 15/5 mL 1.507 2.094 0.587 0.047 *
15/10 mL vs. 15/0 mL 1.507 2.696 1.189 <0.001 ok
15/5 mL vs. 15/0 mL 2.094 2.696 0.602 0.041 *
FIGURE 5E: Pr(SMALL REWARD)-STAY
Osvs.15s 0.804 0.813 0.009 0.927 ns
Osvs. 3s 0.804 0.807 0.003 0.996 ns
0svs.4.5s 0.804 0.867 0.064 0.000 e
15svs.3s 0.813 0.807 0.006 0.979 ns
15svs.45s 0.813 0.867 0.055 0.002 *
3svs.4.5s 0.807 0.867 0.061 0.000 il

*P0.051*"P 0.011**P  0.001l***P 0.0001.

To test whether these two metrics—relative action value andontrasts Figure 3. While we noted a small but signi cant
adaptability—explain global task performance of individuédey e ect for reward contrast on the reinforcing properties of the
we performed a bivariate linear regression of these metrick5 mL reward Eigure 3D, Large Reward-Stay), the alteration
against Pr(Large Reward). We chose the last 3 days of traingin the relative value of large and small rewarded outcomes
Prew D 0.7 (0 D 33 sessions; no mean di erence in populationwas mainly driven by the increased reinforcing property of
performance over these days) to perform this analysis. Weée small reward Kigure 3. We also noted that for each
found that together, the relative action value and adapitgbil relative reward environment, decreasing the overall rate o
index explained 82% of the variability in individual sessionreinforcement decreased the relative value of large vsll sma

performance (adjuste®?, Figures 2E,F. rewarded outcomes, indicating a relationship not just betwe
) ) _ reward volume and reinforcement, but reward frequency and
Modulation of Choice by Relative Bene t reinforcement Figure 3F. Taken together, these data show

To explore the sensitivity of mice to dierentially bene cial that within this feedback-directed task, animal choice dsn
outcomes, we associated each lever with a speci c rewardhglu explained as the result of competing reinforcement probaédit
keeping the large reward at i and randomly altering the small that relate most strongly to total reward volume.

reward between 10, 5, and® in separate sessionBigure 3A). In addition to the modulation of lever return by outcome
Data were compiled from three separate sessions per mouse fagne t, we also noted a consistent alteration in initiatiotelacies
each contingency. Given that block completion depends on thdepending on the previous trial outcomé&igure 3H). While
formation of biased choice patterns, we were unsurprised tthe average initiation latencies of most trials were stadile
nd that larger reward contrasts had shorter block lengtiimla  1's for Rew D0.7 Figure 3G), when we sorted trials by their
higher overall rates of large reward selection than smedlative  prior outcome we found that mice more rapidly initiated trials
reward contrasts, at both high and low reward probabilitiesollowing large reward outcomes-igure 3H, blue bars). This
(Figures 3B,3. We modi ed our logistic regression model to local modulation of action performance, which may provide a
include a term for small rewarded outcomes and the coe cent proxy for attentional or motivational state$\(ang et al., 201)3
generated from the behavioral data in each contingencynagaivas seen only for the initiation epoch latency (not shown)
demonstrated the weight of the immediately preceding triaBnd was not robustly observed in sparser reward conditions
(T 1) (Figure4), so we focused our analysis on Twin-  (Figure 3H, Pey D 0.4). As demonstrated previously, the rate at
stay probabilities for each operant outcomeigures 3D,B.  which animals selected the large reward outcome in this ek
The relative action values for large vs. small reward outomin uenced not just by the ability of the animals to discrimitea
demonstrated a stepwise decrease with smaller relativerdewabetween relative bene ts of the lever alternatives, butlystheir
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FIGURE 2 | Acquisition of value-based choice paradigm is accompaniedby dynamic changes in motor-ef ciency and behavioral exibity: (A) Choice patterns in the
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speed with which trials are initiated [latency to initiatéC)]. (D) Adaptability, a measure of choice exibility, shows a probabity-dependent increase with training(E)
Both the relative action value (left) and the adaptabilitgdex (right) have signi cant linear relationships with ovell task performance in an individual session (data fron
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FIGURE 3 | Choice is strongly shaped by differentially rewarded outaoes. (A) Animals 6 D 21) were tested at three reward magnitude contrasts and eitér high or
low reinforcement probability regimes(B,C) The average block length and the probability that animals dect the large reward alternative over the course of a sessio
are both sensitive to the relative contrast in reward as wedls the probability of reinforcement(D) While there was a signi cant interaction between reward comast
and probability for Large-Reward-Stay behavior, Tukey's mitiple comparisons test revealed no pairwise differencefor relative rewards within individual probabilities o
reinforcement. (E) There was a signi cant main effect of reward contrast on SmalReward-Stay behavior.(F) The relative action value exhibited signi cant main effects
for both relative reward contrast and probability of reinfeement. (G) The latency to initiate trials, averaged by session, showed signi cant effect for reward contrast
and an interaction between reward contrast and probabilityPairwise differences obtained by Tukey's multiple compason’s test indicate no signi cant differences in
the initiation times for mice at the higher probability of iaforcement. (H) The relative initiation latency demonstrates that at®y D 0.7, mice more rapidly initiate trials
following large than small rewards. This disparity is sertsie to relative reward magnitude contrast(l) Behavioral exibility after contingency switches is sendite to
relative reward magnitude contrasts as well as the probabiy of reinforcement. All data analyzed by Repeated MeasusgReward Ratio) Two-Way ANOVA.

exibility at contingency switches. Here we note that addyility
is modulated by di ering value contingencieBiure 3I), with
a signi cant interaction between reward magnitude and rafe
reinforcement.

parameter. The model was t to choice and reward data by
estimating the action value of alternatives on any giveal wria a
standard iterative Q-learning algorithr@;c1 D Q:C (R Q).
Here, the learning ratea)) provides a measure of how strongly

To further describe how mice selected actions based omew reward information modi es values for a speci c actioro T

relative bene t, we t a reinforcement Q-learning model to ou
behavioral data (see section Materials and Methodsragdre 5,
Sutton and Barto, 1998; Daw, 2010Our model comprised four

characterize the extent to which action values in uencedich
behavior, we utilized a softmax decision function to solvetfie
inverse temperature parametds)( We added additional terms

principle components of mouse choice behavior—learning ratep capture the propensity of mice to repeat actions irrespective

inverse temperature parameter, choice persistence factdriasd

of previous outcomek, and a constant measure of bias, c, for
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FIGURE 4 | Choice is largely in uenced by the T 1 trial in a relative reward environmentA—F) The average coef cients for the multivariate logistic regssion model
that describes previous choice and reward history. (Rw D 0.7, n D 11; Prew D 0.4; n D 10) For each of the relative reward regimes tested, note thahe T 1 trial is
signi cant for large reward outcomes. For relative reward rgimes with 10 mL (A,D) and 5 mL (B,E) small reward outcomes we note a signi cant T 1 coef cient. We
detect no signicant T 2 (or further) coef cients indicating that mouse choice is layely dictated by the outcome of the T 1 trial.

one alternative over another. We t this model to our data andStable Characteristics of Reward
observed thatit predicted actual mouse choice behaviorhigh  Processing

accuracy figures 5B,G. While manipulations of relative reward contingencies show
We observe higha values %0.79) in most reward consistent population eects on outcome valuation and
environments tested, suggesting a high gain for proximahenhavioral exibility, we sought to characterize whethbese
reward history—a nding supported by our regression modelmetrics exhibited stable patterns across multiple sessiods an
of choice behavior Kigures 5A 1F). Furthermore, we noted contingencies. For each session, we extracted the relative
a signicant eect of reward probability on the value of action value and adaptability index and z-scored these salue
k, with higher reinforcement rates encouraging a highere|ative to the population performing the same day of a given
probability of remaining on chosen actions, particularly wit operant contingency. This allowed us to estimate the indiaid
small reward contrasts. Interestingly, neitharnor b varied yajye sensitivity and behavioral exibility of mice relzi to
substantially across relative reward contrast or probgbiif  the population for each session. We observed a signi cant
reward Figure 5A). This suggests that di erences in behavioralcorrelation of relative action value and adaptability begwéehe
e ciency and adaptability observed as relative rewards ustle st day and subsequent sessions (averaged metrics frors day
(Figures 3B,Q do not exclusively result from gross changes in2 to 3) within the same reward contingenc¥igures 6A,B.
reward-seeking strategy between sessions. Next, we analyzed cross-contingency stability of these iosetr
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A 15pL v 10pL 15uL v 5pL 15uL v OpL
Learning Rate (o) Mean SEM Mean SEM Mean SEM
Pr.4 0.944 0.028 0.911 0.026 0.893 0.076
Pr.7 0.792 0.082 0.932 0.014 0.967 0.013
Inverse Temperature
Parameter ()
Pr.4 0.133 0.020 0.117 0.011 0.102 0.022
Pr.7 0.181 0.032 0.164 0.012 0.155 0.011
Persistence Factor (k)
Pr.4 0.258 0.082 0.261 0.068 0.176 0.023
Pr.7 0.782 0.092 0.505 0.064 0.300 0.070
Bias Parameter (¢)
Pr.4 -0.056 0.148 -0.088 0.080 -0.031 0.034
Pr.7 -0.085 0.085 0.010 0.055 0.030 0.038
B a=0.934, p=0.242 —— Option A
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FIGURE 5 | Q-learning reinforcement learning model predicts choice &havior. In order to extract information on how mice update ation values using reward
prediction errors @) and how sensitive mouse choice is to differences in actionalues ), a reinforcement learning model was t to the choice data of rice performing
the relative reward paradigm (A) Table summarizing model parameters in both reward probaliiy environments.(B) The calculatedQ-values of the two levers for an
individual mouse in a single session [15 vs. &L at Prew D 0.7]. As the animal performs reversals, we note an oscillatn in the action value for both options(C) The
probability that the mouse selected alternative A on a givetrial vs. predicted probabilities generated by the full moel. This model is a signi cant predictor of choice
behavior R2 D 0.43). Q-values and choice probabilities are calculated as a movingverage of nine trials.

using performance in 15 vs. 6L as our baseline measures Integration of Effort Costs and Bene t for
of reward sensitivity and behavioral adaptability. We notedAction Selection

a correlation in the relative action value with data producede cient value-based choice requires integrating the positiv
from the 3x relative reward contingencyFigure 60 and a pene ts of an outcome with negative events that are assetiat
trend in the 1.5x Figure 6B, suggesting trait-like patterns of ith or required to obtain that outcome. To model outcome-
relative-reward sensitivity. We did not observe a signita associated costs in mice, we modi ed our operant contingesici
non-zero correlation between behavioral exibility at ket to require increased physical e ort to obtain the higher volem
relative reward ratio Kigures 6D,F. This suggests that while reward Eigure 7A). Within the context of our task, each lever
both metrics are stable across sessions within mice, thgas linked to a specic xed ratio operant schedule to create
relative action value is also robust across relative rewarghree relative e ort contrasts— xed-ratio 2 (FR2) vs. FR2, FR2
ratios. vs. FR10 and FR2 vs. FR15. We tested each of these in 3x (15 vs.
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FIGURE 6 | “Trait-like” stability of reward sensitivity and exibijt measures.(A,B) Cross-session correlation of relative action value and agrability index revealed a
signi cant positive linear relationship between the valuesf mice relative to the population on Day 1 and the values of e relative to the population on Days 2/3
(averaged) for both reward sensitivity and behavioral exility. (C,D) Cross-contingency correlations of relative action valuerad adaptability whereby z-scored values
for RAV and adaptability index in the large disparity (15 v6.m) reward environment were correlated with values from thex3(top) and 1.5x (bottom) relative reward
environments.(C) We noted a signi cant correlation between the RAV for the lang and 3x reward ratio and(E) a trend in the correlation of the large and 1.5x reward
ratios. (D,F) We note no cross-contingency correlation for the adaptabily index.
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FIGURE 7 | Effort costs alter the reinforcing properties of small rewd alternatives (A) Mice (h D 19) were tested at two reward magnitude contrasts across thee
different operant schedule contrasts(B,C) Both the relative reward contrast as well as the effort scheale had a signi cant effect on the block length and the overall
rate of selecting the large reward as well as a signi cant intaction between the effects of effort and the relative rewaron both measures. (D) The imposition of
high-effort costs on the large reward alternative did not hee statistically signi cant effects on the reinforcing proprties of that alternative (E) Increased operant
scheduling on the large reward alternative had a statistidy signi cant effect on the reinforcing properties of the srall reward choice.(F) We observed a signi cant
interaction between reward contrast and effort, with incrased effort costs exerting more dynamic effects in the smateward contrast environment.(G) Increased
effort to reward had a small but signi cant effect on behaviaal exibility. Pairwise analysis indicates that behavioragxibility was actually increased with the application
of increased operant scheduling. All data analyzed by Repéed Measures (Reward Ratio, Effort) Two-Way ANOVA.

5ml) and 1.5x (15 vs. 1@) relative reward regimes (& D1), alternative on any given trial, the distribution of mouse atmi

with the higher response schedule exclusively paired to tlyelar following a large reward was unchanged in either reward regim

reward alternative. Interestingly, global task measue®rage (Figure 7D). Instead, the increasing response requirement on

block length, overall probability of large reward) demoastd  the larger volume lever was associated with increases in the

that disparities in e ort schedule did not signi cantly alter reinforcing property of the lower volume, but less e ortful

the performance of mice in the task when the relativeoutcome in 15/10m but not 15/5 m regimes Figure 7E).

reward di erence was su ciently large (see 15 column in  Among mice that completed at least ve blocks in each of

Figures 7B,3. In contrast, we observed a stepwise increase inthiie reward contingencies tested we observed a small but

block length and decrease in large reward selection as tibeiaim signi cant main e ect of increasing e ort on behavioral exibty

of required responses for the large reward increased in thiene  (Figure 7G).

with the smaller discrepancy in reward magnitude (see 15410 .

column in Figures 7B,G. These changes in global performancelntegration of Temporal Delay Costs and

were matched by changes in the relative action value of ende Bene t for Action Selection

small rewarded outcomegigure 7F, left). Given the unique manner in which e ort costs interacted with
To better understand the e ect of e ort costs on the choicerelative bene ts, we sought to test whether this observalield

patterns observed, we analyzed and compared the reward-stagross other cost modalities that lower the value of a given

probabilities of animals after particular outcomes, as dbscr choice. To do this, we introduced temporal disparities between

above. Surprisingly, we found that while the increased respon choice and reward deliveryl(T D 0, 1.5, 3, and 4.5s) and

schedule was associated exclusively with the large rewagi@plied these delays exclusively to large reward alternaitives
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FIGURE 8 | Delay costs primarily alter the reinforcing properties ofitge reward alternatives(A) Mice (h D 21) were tested at two reward magnitude contrasts across
four delays to reward delivery, applied exclusively to thaige reward option.(B,C) Both the relative reward contrast as well as the delay to rewd had a signi cant
effect on the average block length and the probability mice ltose the large reward over the course of a session. We obsergea signi cant interaction between the
effects of delay and reward contrast for block length, but noPr(Large Reward)(D) The application of delay costs to the large reward alternaté had a signi cant
effect on win-stay behavior following large reward outcom® where we observed an interaction between delay and rewardontrast. (E) The addition of delay to large
reward outcomes had a statistically signi cant effect on theeinforcing properties of small reward outcomes. NevertHess, Tukey's multiple comparisons revealed no
pairwise differences between values at three of the four day regimes. (F) The relative reinforcing properties of large and small rewe outcomes is sensitive to reward
magnitude contrast as well as increasing temporal delay tceward delivery.(G) Increased temporal delay to reward had a signi cant effect on aibility, with
adaptability generally being higher with larger reward cdrasts. All data analyzed by Repeated Measures (Reward RatiDelay) Two-Way ANOVA.

any given blockFigure 8A). We again tested each of these delaynteraction of Bene t and Cost Sensitivity
environments in both large (15 vs. @) and small (15 vs. 10 in Goal-Directed Decision Making
ml) reward discrepancy environments ¢ D 1). An analysis For further insight into any systematic relationships begwe
of global performance demonstrated main e ects of relativehow animals process benet and cost, we analyzed individual
reward ratio and temporal delay on Pr(Large Reward), and ghouse values for bene t sensitivity, with and without relei
signi cant interaction between these variables for bloekdth  cost considerations. Our previous data demonstrated trait-
(Figures 8B,G. like patterns of relative reward bias, re ecting an undettyi
While the global e ects of delay largely mirror the e ects gjstribution of reward sensitivitiesRigure 6). We hypothesized
of e ort (Figures 8F,G, we found this was achieved by distinct that these patterns would persist in the face of costs, with
e ects on choice patterns. Increasing the temporal delay ofhe animals most sensitive to relative reward bene t shayin
reward primarily altered the distribution of choices on thethe |east alteration in choice pattern upon introduction of
cost-associated alternative (the large reward) rathentttee  parriers to reward. To test this for both cost modalities, we
contralateral lower cost side, as in the e ort paradigm (con®ar took the relative action value at baseline conditions (E:ort
Figures 8D,Ewith Figures 7D,5. While we note a signicant FR2v FR2; Delay: 0s v 0s) and measured how this value was
e ect for delay in win-stay probability following both large ajtered in the presence of reward-associated costs. Sigmi ca
and small rewards, further investigation of pairwise di ec&s correlations between the sensitivity to reward of mice with
revealed that win-stay probabilities following small rewardand without relative costs con rmed that the addition of cost
outcomes were unaltered at either reward regime for thre@®f did not dramatically shift the rank order of bene t sensitiyi
four temporal delays tested (all batT D 4.5s), while multiple  within the whole population for large reward contrasts (i.e.,
such pairwise di erences exist in the win-stay behavior eiteib  the most reward sensitive animals continued to be so in the
after high bene t-high delay outcomes. presence of increasing costfigures 9A,Q. Similar trends
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FIGURE 9 | Sensitivity to reward bene ts and costs are correlated(A,C) The baseline sensitivity of mice to reward bene ts (measureds the relative action value of
15v 5L in FR2v FR2 for effor(A, n D 19) and 0s v Os for delay(C, n D 21) was correlated with the averaged relative action valueseasured upon addition of effort
and delay costs. We found a signi cant correlation between tk sensitivity of animals to reward bene ts with and without tk addition of associated costs, consistent
with “trait-like” expression of reward sensitivity(B,D) To quantify the extent to which each cost modality altered mose choice distributions we took the difference in
relative action value of mice in baseline conditions and hitapplication of operant costs (RA¥ost -RAVhaseline)- INcreasing negative values indicate larger choice
disruption in the presence of costs. We observed a signi cantelationship in the sensitivity of mice to reward bene ts andhe sensitivity of mice to the addition of
reward costs, relative to the population.

were observed when comparing the noisier small rewardn important step toward understanding the neural subssate
contrast data Figures 10A,§. Nevertheless, an analysis ofunderlying economic decision-making. These circuits are of
the relationship between bene t sensitivity and cost sivisy  critical behavioral relevance, regulating how animals csele
(de ned as the magnitude of negative modulation of RAV byactions based on the assigned values of available options, a
cost, see Methods) demonstrated that both e ort and delajundamental organizing principle for how organisms interact
cost most dramatically altered the choice pattern of mice thawith their environment Knutson et al.,, 2005; Lau and
were most sensitive to relative reward benets in baselin&limcher, 2008; Hunt et al., 2012; Allen et al., 201&s
conditions Figures 9B,0 10B,D) . For example, mice that such, exploring their function may eventually illuminateeth
were most sensitive to larger reward volume (large positive pathophysiological underpinnings of goal-directed dysfimrct
scores on benet) in general exhibited the largest reductio in neuropsychiatric disorders, a symptom domain that seyerel
in RAV once costs were introduced (most negative z-scordgmits societal function. As mice currently allow the higite

on e ort discounting), yielding data points in the lower right level of experimental interrogation within mammalian syste
quadrant Eigure 9B). In addition, we noted no correlation (Jaramillo and Zador, 20)4it is essential to have a thorough

in the sensitivity of mice to the dierent cost modalities understanding of how they make economic decisions, as well as

(Figure 10B. the extent of individual animal variability in these processThis
paper details a set of behavioral paradigms in mice that captures
DISCUSSION essential elements of economic choice behavior, includtieg

sensitivity to dierences in total value, exibility to aan-
The development of quantitative behavioral assays in miceutcome contingency shifts, and outcome-sensitive modrat
that probe core features of value-based action selection @f task engagement.
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FIGURE 10 | Cost-bene t correlations with small reward contrats.(A,C) The sensitivity of mice to reward bene ts was measured as thealative action value in
baseline conditions for the effor{(A, FR2v FR2,n D 19) and delay(C, 0s v 0s, n D 21) experiments (Reward Contrast: 15v 10rL). These values were correlated with
the averaged relative action values measured in mice with ¢haddition of effort and delay costs.(A) At the low discrepancy in reward magnitude, there is a signi ant
correlation between the sensitivity of animals to reward bee ts, in environments with and without the addition of incrased operant scheduling.(C) We note no
cross-session correlation in reward sensitivity with thegplication of temporal delay costs in a reward environment ith a small discrepancy in reward bene t.(B,D)
We note a signi cant relationship in the sensitivity of miceatreward bene ts and the sensitivity of mice to the addition tenporal delay (D) but not effort costs, relative
to the population, in this reward environment(E) No correlation exists between the sensitivity of mice to théwo cost modalities tested.

A Paradigm to Assess Value-Based Choice such measures would result from observing a large number
in Mice of choices over a range of benet and cost environments.
Our goal was to create a paradigm that could produce robusto achieve this, we employed a repeated trial structure
guantitative assessments of value-based choice. We ehsoimn which groups of trials with the same contingency were
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arranged into blocks, and contingencies were regularljtesthi how e ectively recent outcomes modify action-values) @s

in response to proximal patterns of mouse choice behavior. Byell as how much these value di erences drive choice patterns
dynamically alternating reward contingencies upon the déte  (b). We found thata was consistently higher than 0.79 across
of prolonged choice bias, we ensured that mice remainedll relative reward contrasts and probabilities, supporting o
continually engaged in updating subjective values for anoicconclusion from regression models that well-trained animelg
alternatives. To further maintain reward-sensitive beabgwve  almost exclusively on one prior trial for feedback-guidedicko
reduced reward probability to increase exploratory choicer O Similarly, we found similab parameters across test conditions,
own data con rms the necessity of these approaches, as xesliggesting that mice did not substantially alter their exalion-
contingency protocols and certainty of reward delivery led teexploitation strategies. We did note that choice persistence
highly biased responding, even in the absence of value di@en (returning to the same choice regardless of outcome) chainge
between the two lever§igure 2A). In order to isolate the ability with contingency, being higher in reward-rich environment
of mice to create and act exclusively upon outcome valuationghigh Pew, large rewards on both levers). Overall, these data
our task de-emphasized the use of audio or visual cues isuggest that the changing choice patterns observed during
signaling action-outcome relationships or contingencgdtion.  relative reward experiments are not likely due to fundamental
Instead, we believe, the paradigm forces mice to use rewaothanges in how mice approach the task but instead to the
feedback to shape internal representations of option valuglwh nuanced dynamics of the action values themselves. If this, t
are then externally expressed as a distribution in choicabien.  behavioral paradigm should provide an ideal testing ground to
In such an environment, we argue, the most accurate behalviorexamine the cellular integration of outcome cost and bene t on
readout of the internal representation of outcome value is th action values during decision making.

probability that mice return to or “stay” on an alternativetef

having just received that outcome. Trait-Like Expression of Behavioral
L ) Characteristics
Quanti cation of Value-Based Choice To further establish the validity of these measures and

In highly trained mice, our logistic regression modelstheir stability within animal, we examined their cross-sess
demonstrate heavy discounting of all but the trial immedigt and cross-contingency consistency. We reasoned that value
preceding the current choicerigure 1F. E ectively, this task processing likely represents a behavioral trait—a temporally
shaped mice to adopt an enduring “win-stay, lose-shift’ &ggt  stable behavioral pattern unique to each subject. In aceurea
that heavily favored the most proximal reward outcomes. Wevith this, we observe signicant within-animal consistency
attribute this narrow integration window to the specics of across 3 days of repeated contingencies, for both relatii@nac
our paradigm as opposed to fundamental constraints of mousgalue and adaptabilityigures 6A,B. As a further test of trait-
working memory, as alternative behavioral frameworks irceni Jike stability, we assessed whether similar reward seitgitind
demonstrate integration of up to three trials in the pasii(  exibility metrics would manifest across multiple relativeward
et al., 2012; Parker et al., 2)1Blevertheless, this observation regimes. Here we noted that relative action value at 15 vs. O
provided a framework for understanding local decision-nmaki m was signi cantly correlated to these measures obtained at
strategies in this task and provided a framework for subsetjue 15 vs. 5ml and trended toward a correlation at 15 vs. fid)
analysis. Having established an understanding of the ¢wgni In contrast, exibility at 15 vs. Om did not correlate with
strategies mice used to seek reward in this paradigm, weese values at other reward ratios. Consistent with thigerse
developed metrics for outcome sensitivity (relative actiatue), studies have shown high variability in the cognitive exityi
behavioral exibility in new environments (adaptability dex) of mice due to moderate stressor&raybeal et al., 20),1
and modulation of action performance (relative initiation which can be di erentially induced via handlingsprge et al.,
latency). The relative action value is a measure of theivelat 2014, degree of food deprivatiorHgiderstadt et al., 2000and
reinforcing properties of two competing operant outcomes. Byhousing conditions Tanimura et al., 2008 In sum, individual-
comparing choice distributions following discrete outcam& animal analyses indicate that with su cient training, mice
the individual-mouse level, this measure minimized indivdl  can reproducibly perform complex value-based tasks typically
mouse variability in non-outcome-related stay behavioheT reserved for other model system&dld and Shadlen, 2007;
adaptability index takes advantage of the behavioral caimdtr Jaramillo and Zador, 20)4The cross-session reproducibility of
dictating that each behavioral “block” ends in a similar pattof  these reward metrics suggests that we are extracting mgfahin
choice. By constraining the pre-switch behavior in this wag, derivations of elements of mouse reward processing, and that
create a xed behavioral state to contextualize choicesaadir ~ single sessions with 200 trials may be su cient to generate
contingency switches. We noted that a signi cant amount ofindividual representative values in any given reward caygincy.
the variability &80%) in mouse performance (measured by theThis reliability, together with the discrete temporal stiue of
rate of large reward selection) in any individual sessionid®e  our task, will make it especially suited for combination with
explained by a combination of the animal's sensitivity toaesv  in vivo physiological recordings of corresponding neural activity.
discrepancies and their behavioral exibility.

To complement our regression-based behavioral analysis, ieconomic Decision-Making in our Task
submitted our data to standard Q-learning modelgure5  Within this quantitative framework of mouse behavior, we
(Katahira, 201p This approach can statistically disambiguatesought to answer a fundamental neuroeconomic question: How
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do the bene ts and costs of rewarded outcomes shape mouggchoenbaum et al., 2011; Gourley et al., 2016; Baltz et al,,
behavior? Characterizing how diverse features of mousaeh 2019. As updated reward value is integrated into multiple
are modulated by value is a critical step in elucidating aéur elements of the decision-making process—including choice
circuits with speci ¢ reward processing function. We obsefve bias, adaptability, and task engagement—it will be important
that mice di erentially altered their choice patterns in respg@ to ask whether orbital cortex mediates these functions via
to the relative magnitude of the previously rewarded outceme distinct subcortical circuits for motor control. Furtherone, these
with more extreme distributions for outcomes of higher bene paradigms will prove essential in determining how cost-bene t
(Figure 3F. Further analysis revealed that the magnitude oftalculations are encoded at the cellular level within satiat
proximal rewards not only altered mouse choice distribuipn circuits (Mikhael and Bogacz, 20).6
but also had a signicant e ect on focal task engagement, We believe that the reliability and robust quantitative ratu
suggesting short-term circuit modi cations inresponseéward of these paradigms makes them well-suited to investigating
have e ects not just on choice patterns, but also action exeout the complex issue of how reward processing is altered by
(Figure 3H). We additionally noted that that the ability of mice environmental and genetic factors. We uncovered a subisiant
to exibly adapt their behavior scales with the relative miéigde  amount of between-animal variability for value processing,
of rewarded outcomes-{gure 3I). perhaps surprising given the genetic homogeneity of the mouse
We then associated two cost modalities exclusively witlstrain used. We believe this observation is both unsurprising
high-bene t options in environments with large and small and fascinating. In our view, genetically encoded inforiomt
disparities in reward, to assess the integration of rewarstsco provides a basic blueprint for the assembly and maintenance
in decision making. We demonstrate that in environmentsof neural circuits. However, quasi-stochastic processeb as
with large di erences in reward, costs associated with sieigc axonal targeting and sub-cellular synapse localizationtlzee
those outcomes are heavily discounted. Surprisingly, whilsuperimposed on this basic plan, generating diversity within
increased operant scheduling and temporal delay both decreasiecuits, and behavior. These di erences can be further amgli
the relative value of choice alternatives, we found thaséhe by existing social hierarchies and other experiences in thmeh
two cost modalities di erentially altered the relative valowf cage leading up to testings(eenberg et al., 2014; Porcelli and
previous outcomes, with e ort increasing stay behavior on theDelgado, 201)7 Given this complexity, our ability to ascribe
small reward and delay reducing stay behavior on the largeircuit-speci c genetic contributions to reward processing
reward at the population scale (compaFégures 7D,Ewith  abnormalities necessitates the type of stable, robust rsetric
Figures 8D,B. This nding suggests potentially unique circuit generated by this work. While we acknowledge the possibility
mechanisms underlying the subjective valuation of thesgoeh that such stable “trait’-like reward-sensitivity charadécs
costs and provides further evidence of the sophisticatedevalumay in fact re ect task-specic behavioral patterns, their
judgments mice can perform. Deeper analysis of our dateeproducibility provides solid foundation for further systes-
demonstrated interesting interactions between bene t amodt level analyses-@rashahi et al., 20).8As such, these paradigms
sensitivity at the individual animal level. We found thattimice  may provide novel pathways for analyzing reward processing in
whose choice distributions were most radically altered fy t mouse genetic models for neuropsychiatric disease.
addition of costs were the same animals exhibiting the réghe
sensitivity to di erences in rewarded outcom€igure 9. This AUTHOR CONTRIBUTIONS
observation raises the interesting possibility of commacuat
mechanisms for controlling processing of both components o©OA performed operant experiments, analyzed data, generated

value computation. analysis code, and wrote the manuscript. MPF performed operant
_ ) _ experiments. MVF conceived the project, analyzed data, and
Conclusions and Considerations wrote the manuscript.

In summary, these ndings demonstrate the sensitivity of ou

behavioral assay to decision-making strategies adoptediby m ACKNOWLEDGMENTS

during economic choice, while revealing stable, mousgrisic

dierences in value-based action selection. An importantWe would like to thank members of the Fuccillo lab and
direction for future work will be to characterize the locaiauits ~ Joseph Kable for input and help with Q-learning models. We
governing the distinct behavioral features described hea would also like to acknowledge funding from the National
example, the orbitofrontal cortex is intimately involvedvalue  Institutes of Health (F31MH114528 to OA, ROOMH099243, and
representations central to e cient performance of this taskRO1MH115030 to MVF).
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