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Certainty and Uncertainty of the Future Changes Planning and Sunk Costs
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Many foraging experiments have found that subjects are suboptimal in foraging tasks, waiting out delays
longer than they should given the reward structure of the environment. Additionally, theories of decision-
making suggest that actions arise from interactions between multiple decision-making systems and that
these systems should depend on the availability of information about the future. To explore suboptimal
behavior on foraging tasks and how varying the amount of future information changed behavior, we ran
rats on two matching neuroeconomic foraging tasks, Known Delay (KD) and Randomized Delay (RD),
with the only difference between them being the certainty of the cost of future opportunities. Rats’
decision-making strategies differed significantly based on the amount of future certainty. Rats on both
tasks still showed suboptimality in decision-making through a sensitivity to sunk costs; however, rats on
KD showed significantly less sensitivity to sunk costs than rats on RD. Additionally, on neither task did
the rats account for travel and postreward lingering times as heavily as prereward foraging times
providing evidence problematic for the Marginal Value Theorem model of foraging behavior. This
suggests that while future certainty reduced decision-making errors, more complex decision-making
processes unaffected by future certainty were involved and likely produced these decision-making errors

within subjects on these foraging tasks.
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Foraging is a complex neural process that depends on information
processing comparing current and future (expected) options. Theo-
retical analyses treat foraging in terms of expected uncertainty,
comparing a sure opportunity with the probability of encountering
future opportunities (Charnov, 1976; Stephens & Krebs, 1986).
Many foraging experiments have found that subjects are suboptimal
in foraging tasks, waiting out delays longer than they should given
the reward structure of the environment (Carter & Redish, 2016;
Constantino & Daw, 2015; Hayden et al., 2011; Nonacs, 2001;
Wikenheiser et al., 2013). Some theories have suggested that these
suboptimalities arise because humans and other animals are gener-
ally risk-averse, preferring consistent choices over options with an
equivalent mean but higher variance (Kacelnik & Bateson, 1996;
Shafir et al., 1999) and suggest that foraging behavior should
depend on the uncertainty of that future outcome.

Theories of decision-making suggest that actions arise from an
interaction between different decision-making systems, which differ
in their underlying algorithms (Daw et al., 2005; Dickinson, 1985;
O’Keefe & Nadel, 1978; Redish, 1999, 2013; van Der Meer et al.,
2012). These decision processes react to information in different
ways and arrive at decisions at different speeds (Kahneman et al.,
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2011; O’Doherty et al., 2017; Redish, 2013; van Der Meer et al.,
2012). Moreover, they depend on different neural circuits (Balleine
et al., 2009; Rusu & Pennartz, 2020; van Der Meer et al., 2012) and
have varying behavioral consequences (Doll et al., 2011; Everitt &
Robbins, 2016), some of which can produce suboptimality in some
environments. Some of those algorithms depend on planning, and
some are susceptible to sunk costs, but the relationship between
planning and sunk costs is currently unknown. These decision-
making theories suggest that these decision systems should depend
on the availability of information about future expectations.

To explore these questions, we ran rats on a pair of neuroeco-
nomic foraging tasks varying only in the level of immediate future
certainty. Previous research investigating decision-making has
developed neuroeconomic foraging tasks that require subjects
to make serial stay/skip decisions to earn their food for the day.
These tasks are neuroeconomic because the subjects have a limited
amount of time to gather food, making time an economically-
limited commodity (Steiner & Redish, 2014; van Wingerden et al.,
2015). Other experiments investigating decision-making in hu-
mans and other animals have used similar foraging tasks to better
understand how temporally constrained decisions differ depend-
ing on the many factors that can be varied in a decision-making
scenario (Carter et al., 2015; Constantino & Daw, 2015; Garrett &
Daw, 2020; Stephens, 2008; Trapanese et al., 2019). Understand-
ing how information availability alters behavior is important to
further understand the underlying algorithms of decision-making
systems and elucidate how decision-making can go wrong. We
tested rats on a pair of tasks that provided different amounts of
future information.

The Restaurant Row task is a topological loop maze with evenly
spaced food reward sites. Subjects traverse the maze, encountering
four “restaurant” sites serially in order to gain reward. Upon entering
a “restaurant,” a tone indicating how long the rat would have to wait
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to earn reward would begin to countdown (tones indicating count-
down descended in pitch by 250 Hz every second, within the
audible range of the rats, (Fay, 1988), allowing the subject to
make a decision either to wait out the delay and receive reward
or leave and visit the next offer zone. Each day, subjects would run
on the task for a set amount of time to earn their food for the day,
making this task neuroeconomic; waiting for food at one restaurant
was time spent out of the time budget for that day. In Restaurant
Row, the subject is uncertain about the cost of future offers because
the offer delays are unknown until the subject enters the zone
(Schmidt et al., 2019; Steiner & Redish, 2014; Sweis et al.,
2018). In this experiment, the Randomized Delay (RD) task was
modeled after the Restaurant Row task (see Methods section).

The Time Out task is similar to the Restaurant Row task in that
subjects traversed a topological loop maze to forage for food at
equally spaced feeder locations, making decisions of whether to wait
out the delay for food or to continue on to the next reward location
(Wikenheiser et al., 2013). As with Restaurant Row, the rat had a set
amount of time to spend foraging for food on the track. However,
unlike in the Restaurant Row task, in the Time Out task, the delays at a
given feeder location remained constant throughout a session
(although it changed between sessions). This meant that after one
loop around the track, the subjects had the ability to know what an
upcoming delay would be before encountering the offer. In Time Out,
the subject is certain about the cost of future offers (Wikenheiser
et al., 2013). In this experiment, the Known Delay (KD) task was
modeled after the Time Out task (see Methods section).

In both the RD and KD tasks, upon encountering an offer, the rat
could choose to wait out the delay and earn reward (stay) or leave the
wait zone and proceed to the next offer (skip). Since rats did not
receive food except on the task, it was in their best interest to earn as
much food as possible during each session. Previous experiments
using Restaurant Row and Time Out have found that rodents exhibit
sub-optimal behavior on these tasks. We set out to determine if this
suboptimality was modulated by knowledge of the future.

Methods
Subjects

First-generation Fisher-Brown Norway hybrid (FBNF-1) rats
(n = 8, four male, four female) were the subjects of this experiment,
aged 7-12 months at the start of the experiment, bred in-house. Rats
were housed under a 12 hr dark/12 hr light unshifted light cycle and
were run during the light cycle. However, before running, rats were
conditioned for three days before starting the task to expect their
complete daily ration at their personal running time, which is known to
shift circadian cycles (Froy, 2007). During behavioral training and
testing, rats received their full daily food complement on the task. Rats
were maintained above 80% of their free-feeding weight and had access
to water ad-libitum. All procedures were approved by the University of
Minnesota Institute for Animal Care and Use Committee (IACUC).

Behavior

Tasks

This experiment consisted of two tasks: RD and KD, see
Figure 1. These tasks were modeled after Restaurant Row (Schmidt
et al., 2019; Steiner & Redish, 2014; Sweis et al., 2018) and Time Out

DUIN, AMAN, SCHMIDT, AND REDISH

Figure 1
The rats were Run on Two Mazes, Known Delay (KD) and Ran-
domized Delay (RD)

(a) Known Delay (KD)

Randomized Delay (RD)

Note. (a) Each maze consisted of four food reward zones. On both
mazes, upon entering an offer zone, the rats heard a tone indicating the
duration of the delay (delay tone decreased in 250 Hz increments, the
higher the delay tone pitch, the longer the delay). The rat could choose to
wait out the delay countdown and accept food reward (stay) or exit the
zone and proceed to the next zone (skip). The KD task had set delays
during a session but varying delays between sessions, whereas the RD
task had pseudorandom delays between 1 and 30 s. During testing, each
rat was run on both tasks each day (30 min per task). The order of the
tasks switched between days. (b) Example tracking data of each task
(green asterisks indicate reward zone location). See the online article for
the color version of the figure.

(Wikenheiser et al., 2013) and are neuroeconomic foraging tasks where
rats make serial stay/skip decisions to earn food. The rats were trained
to run clockwise around square mazes with four offer zones placed at
the center of each side. For each rat, one maze was identified as RD and
a separate maze as KD. Male and female rats ran on different physical
mazes. Squares measured 77 cm on each side and consisted of 16 cm
elevated tracks of width 9 cm. Upon entering a reward zone, a tone
played indicating how long the animal would have to wait to receive
reward, with higher frequencies corresponding to higher delays. The
tone would immediately begin to count down by descending in pitch
250 Hz per second until either the rat had waited out the delay and
earned reward (stay, earning 2 plain food pellets, 45 mg each, Research
Diets, New Brunswick, NJ) or the rat left the reward zone and
proceeded to the next zone (skip). If the rat left the reward zone,
the delay tone countdown stopped, the offer was rescinded, and the next
feeder in the sequence was primed for when the rat arrived at the next
reward zone. On RD, delays were randomized between 1 and 30 s
upon entry (uniform distribution cycling fully without replacement
before restarting a new randomly ordered cycle), so the cost of an offer
was unknown to the subject until entering the reward zone. On KD,
each reward zone had a set delay throughout a session, but the delays
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varied between sessions. The reward zones were primed in serial order
which forced the rats to encounter the restaurants in the same order
throughout each session. Rat position on each maze was recorded from
a light-emitting diode (LED) that was strapped to a backpack worn by
the rat. A Cheetah Digital Lynx SX system (Neuralynx) was used to
record video time-stamped tracking data at 60 Hz. The tasks were
controlled by software written in-house in MATLAB R2012a (The
MathWorks, Natick, MA).

Differences Between RD, KD, and Other Tasks

The RD and KD tasks differed from the tasks they were modeled
after in order to better match them to test how knowledge of the future
affects decision-making. RD differed from previous iterations of the
Restaurant Row task in that the food pellets used were all the same
flavor, instead of four different flavors, and reward sites were on the
sides of the square maze, instead of being on the end of spokes attached
to the comners of the square maze (Schmidt et al., 2019; Steiner &
Redish, 2014; Sweis et al., 2018). Additionally, other variations of the
Restaurant Row task have included a separate offer zone and wait zone,
where the delay to reward would be presented to the animal in the offer
zone, however, the delay would not start descending to reward unless
the rat chose to enter the wait zone. In RD only a wait zone existed. KD
had differences from the previous iteration of the Time Out task; KD
used a square maze with four reward zones whereas Time Out was a
circular maze with three reward zones (Wikenheiser et al., 2013).
These modifications allowed KD and RD to differ only in the stability
of the delays on a given day: in RD, every delay was unknown until
entry (random 1-30 s), while on KD, the delays could be known once
the rat had made one full loop around the track.

KD Delay Sets

Five delay sets were used for testing on KD: [4 s, 10 s, 16 s, 36 s],
[4s,125s,185,265],[45s,145s,245s,325],[6s, 125,20 s, 28 s],
[6s,12 s, 28 s, 36 s]. One additional delay set ([1 s, 4 s, 16 s, 36 s])
was run for only one session for one rat due to it being a typo from one
of the other delay sets. It is included in the data set, but its inclusion did
not change the results and does not affect our conclusions. KD was set
up so the rat would encounter the delays from a given set in increasing
order around one loop of the track.

Training Pre-Surgery

Rats received one 45-min training session each day. See Figure 2.
Training began with habituation, where each feeder had a set delay of
1 s. Habituation lasted until the rat made 100 feeder entries in the time
allotted, which usually took about seven days. Given the 1 s delay
during habituation, rats received reward on all feeder entries. Follow-
ing habituation, the rats continued training in a counterbalanced
manner by either learning KD first (Training method 1, 2M, 2F)
or by learning RD first (Training method 2, 2M, 2F). In Training
method 1, rats received 10 days of KD with delay sets that increased
from small to medium in leanness (see Environmental Leanness
below). The rats then received 20 additional days of training on
KD with delay sets with leanness’ similar to the delay sets used for
experimental testing. Note that the delay at each feeder was rotated
between sessions, meaning even if the same delay set was used two
consecutive days, no feeder had the same delay two sessions in a row

to avoid the rat associating any one physical feeder with only low
delays. The rats then proceeded to learn RD by running RD for
20 days with 1-30 s random delays at each feeder. In Training
method 2, after habituation, rats proceeded with training on RD
with 5 days of 1-5 s random delays at each feeder. The rats continued
to run on RD for an additional five days of 1-15 s random delays at
each feeder. The rats then received 20 additional days of training on
RD with 1-30 s random delays at each feeder. The rats then proceeded
to learn KD with 20 days of training using delay sets with leanness’
similar to the delay sets used for experimental testing. We did
extensive training on both the KD and RD tasks in order to ensure
that lack of training was not an issue if there ended up being no
difference in behavior between the different tasks. After completing
either Training method 1 or 2, the animals swapped between running
either KD or RD each day for 10 days (5 days KD, 5 days RD), using
delay sets for KD that would be used for experimental testing and
using 1-30 s random delays for RD. The animals were then put back
on free food and underwent surgery. To ensure any behavioral
differences observed between RD and KD was not due to the manner
in which the rats were trained, we analyzed the experimental testing
data from the two cohorts of rats testing on either training method and
found no differences in the overall trends of the results.

Surgery and Retraining

Surgery was conducted as described in Schmidt et al. (2019).
Each rat was implanted with a 64-channel dual bundle hyperdrive
in CAl of hippocampus and a 32-channel silicon probe in
bilateral medial prefrontal cortex. Rats were given saline and
baytril for 6 days following surgery and were given three days of
recovery before retraining. Rats were then retrained swapping
between KD and RD tasks each day (45 min on the task per day),
until their behavior was consistent and the hyperdrive began
recording an adequate number of hippocampal cells. The silicon
probe and hyperdrive had their depth adjusted over the recovery
period and training until the cells and signal recorded were
deemed adequate to begin testing. (Neurophysiological data is
still being processed and is not reported here.)

Experimental Sequence

The testing sequence lasted 8 days. Rat behavior during the
experimental sequence was tracked via an LED attached to their
head implant. Rats ran one session of each task for 30 min per task to
gain their food for the day, making KD and RD economic tasks in
which time is the commodity. The rats’ neural activity was recorded
while resting near the maze for 5 min preceding each task (PRE) and
5 min following (POST). Between switching tasks, the rats were
given 30 min break. The order of the tasks the rats ran on during the
experimental sequence was counterbalanced throughout testing.
The neurophysiology of the rats during testing was recorded using
Cheetah Digital Lynx SX system (Neuralynx) which also recorded
video time-stamped tracking data.

DREADDS Protocol

Following the discoveries reported in this paper, we reanalyzed
data from Schmidt et al. (2019), see corresponding methods for in-
depth experimental protocol. Twelve Brown-Norway rats aged



publishers.

ghted by the American Psychological Association or one of its allied

This document is copyri
This article is intended solely for the

ersonal use of the individual user and is not to be disseminated broadly.

p

472

DUIN, AMAN, SCHMIDT, AND REDISH

Figure 2
Training Schema
Training Method 1 Training Method 2
2M and 2F rats 2M and 2F rats
Task Duration Delay Set Task Duration Delay Set
Until rat has Until rat has
At 1sateach uati 1s ateach
Habituation - Habituation -
100.zor?e en feeder 100.zor.1e en feeder
triesina triesina
single session single session
Slightly Randomized Delay 5 days 1-5s
increasing
delay sets
Ki Del
nown Delay 10 days (small to
medium
delays)
Randomized Delay 5 days 1-15s
Delay sets
similar to the
Known Delay 20 days ones used for Randomized Delay 20 days 1-30s
experimental
testing
Delay sets
Randomized similar to the
Dela 20 days 1-30s Known Delay 20 days ones used for
y experimental
~1-30s testing
|—> Swap Known Delay/Randomized Delay (4
Task Duration Delay Set
10 days total
Randomized Delay 5 days 1-30s
Delay sets used
Known Delay 5 days for experimental

testing

v

Experimental Testing
Duration

8 days

Note. Rats were first habituated to the task environment and then were split into two cohorts (2M/2F on each training method) where they either learned KD
then RD, or RD then KD. Training methods were counterbalanced to ensure that behavioral differences did not arise based on order of which tasks were
learned. After learning both tasks, rats entered the swap phase where they swapped between running on KD or RD each day for 10 days. The rats were then
experimentally tested on both tasks each day for 8 days (30 min on each task with a 30 min rest in between). See the online article for the color version of the
figure.

10-14 months were used in that experiment. They were transfected
with an mCitrine- (n = 4) or mCherry- (n = 8) tagged AAVS-
CaMKlIla-hM4Di virus (DREADDS, University of North Carolina

Vector Core, Chapel Hill, NC) bilaterally into the prelimbic cortex.
The targeted coordinates for the medial prefrontal cortex viral infu-
sion were 3.0 mm anterior/posterior, 0.7 mm medial/lateral, and
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3.6 mm dorsal/ventral. All rats underwent a 20-day sequence of either
clozapine N-oxide (CNO, 5 mg/kg sc, NIMH Chemical Synthesis and
Drug Supply Program) or vehicle (VEH) injections 20 minutes before
they started the task. The CNO was dissolved in dimethylsulfoxide
(DMSO; Fisher Scientific, Pittsburg; PA) and 0.9% saline to yield a
DMSO concentration of 10%. VEH injections also contained 10%
DMSO. Experimenters were blind to the identity of the solution at the
time of testing and the blind was broken after data had been collected.
h4MDi DREADDs silence neuronal activity by suppressing presyn-
aptic vesicular release and by hyperpolarizing the cell (Zhu & Roth,
2014). CNO administration activates DREADDs (Mahler et al., 2014;
Stachniak et al., 2014). We interpret these manipulations as most
likely impacting mPFC functionality, but CNO is known to be back-
metabolized to clozapine, which can bind to serotonin and dopamine
receptors and has been shown to increase behavioral flexibility in
animal models (Ilg et al., 2018; MacLaren et al., 2016). There
were controls done in Schmidt et al. (2019), however, the control
task design did not allow for sunk cost analyses.

Analysis

All data were processed in Matlab 2017a with in-house code (The
MathWorks, Natick, MA).

Total Reward

Total reward measured how many grams of food the rat earned
over the course of a session.

Environmental Leanness

Leanness is defined as how much reward was available to the
subject during a session. It is an indicator of how much reward one
could obtain if all one did was wait out delays in the environment.
Leanness can be derived as the inverse of the potential rate of
reward, meaning, the more reward one can receive in one’s envi-
ronment per unit time, the lower the leanness of the environment.
Since at each feeder site on both tasks the rats receive two food
pellets if they wait out reward (reward/encounter same at each
feeder), leanness can then be described as the mean of the encoun-
tered delays during a session. A large leanness indicates a scarcer
environment and a small leanness indicates a richer environment.
For both tasks, the environmental leanness was calculated based on
experienced leanness, or the delays each rat encountered during the
session.

Environmental Leanness

= mean(delays encountered during session). (1

Running Speed

The running speed of the rats was calculated by first finding the
change of the x and y tracking coordinates (dx/dz, dy/dr) using best-fit
velocity vectors and taking the square root of the sum of the square
of the dx data and square of the dy data. Derivatives were calculated
using the Janabi-Sharifi algorithm (Janabi-Sharifi et al., 2000).

Sunk Cost Data Analysis

Sunk cost analyses entailed computing linear regression models
of the probability of earning a reward as a function of the time
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remaining in the delay offer. Slopes of each of the linear regressions
as a function of time waited were found in addition to the control
data slopes (from when the rat enters an offer and has waited zero
seconds). The differences in these two sets of data indicate whether
sunk cost behavior was present. Because all lines were constrained
to be 1.0 at 0 s delay (as the reward has arrived), slopes flatter than
the control data indicate the rat was more likely to take a delay once
they had waited varying amounts of time. The difference between
the sunk cost data and control data was found, with any values above
zero indicating the presence of sunk cost behavior.

Delay Thresholds

The rats made a decision at each feeder on RD and KD and each
entry into a feeder zone was treated as independent. Waiting out the
delay at any reward site dispensed the same amount of reward (two
45 mg plain-flavored food pellets) in each task. On RD, since every
zone encounter had a delay between 1 and 30 s, we treated all
feeders the same when calculating the threshold for RD because at
each feeder throughout a session the rat should theoretically have the
same probability of staying or skipping an offer. On KD, each feeder
had a set delay throughout a session which meant the rat did not have
the same probability of staying or skipping at each feeder. So,
instead of calculating delay thresholds for KD, we found the
probability of waiting (p..i) at each separate feeder. The threshold
for RD and the py,; for each feeder for KD were calculated in order
to determine the value of a given delay offer. Threshold for RD is a
number between 1 and 30 and signifies the delay at which the rat was
more likely to skip the offer than stay for the offer. In contrast,
because the delays are constants, on KD, rats should express a
constant probability of waiting at a given reward site, which we
define as pyq; for that reward site (Wikenheiser et al., 2013). The
Pwaic S are values between 0 and 1 indicating how likely a rat would
be to stay on each encounter (1 being stay and 0 being skip).

Efficiency

For each task, a base optimal reinforcement rate equation and base
observed reinforcement rate equation (Equations 3 and 4) was modeled
after previous literature which accounted for potential earnings given
the rats’ defined thresholds (Stephens & Krebs, 1986; Wikenheiser
et al., 2013). The observed reinforcement rate was then divided by the
optimal reinforcement rate to yield the efficiency (Equation 2).

. observed reinforcement rate
Efficiency = - - . ?2)
optimal reinforcement rate

Reinforcement rate is the (real or potential) reward received
divided by the time spent. Theories of reinforcement rate optimiza-
tion have suggested that suboptimality of reinforcement rate arises
because foraging animals only take some time components into
account while ignoring others (Bateson & Kacelnik, 1995, 1996;
Gallistel, 1990; Kalenscher & Pennartz, 2008; Mazur, 1985;
Stephens & Krebs, 1986). In order to understand the efficiency
of the rats’ choices, we sought to determine how changing what time
components were included in the calculation would change the
derived optimal and observed reinforcement rates and the corre-
sponding efficiency. In order to compare the optimal rates to the
observed rates, the rats were assumed to have encountered the same
offers in the optimal situation but to have made the choices that



publishers.

gical Association or one of its allied

This document is copyrighted by the American Psycholo

ed broadly.

)
2
=
=]

[}
<
S
=
5}
2

ded solely for the persc

»
2
o
E=!
»
=
=

474

would maximize rate of reward (given the integrated time factors
included in the calculation). Note that reinforcement rate is thus
defined as (number of rewards received)/(sum of time spent in time
factors included in the calculation).

We started with a base observed reinforcement rate assuming rats
attended only to the time spent waiting for reward: the amount of
reward obtained on a session (based on their own behavioral
thresholds) divided by all accepted delay time less than threshold.
The base optimal reinforcement rate differed in that the thresholds
were calculated based on what threshold should have been, given the
delays encountered, in order to gain the maximum reward.

In order to better understand the rats’ strategies on the tasks, we
explored time components added to the denominator of the optimal and
observed reinforcement rates. If the amount of time spent doing a
behavior differed between tasks, the efficiency would reflect the
differences in the medians of the efficiencies compared to the base
efficiency value. The different behaviors for which time was accounted
for included the time they took to decide to skip (decision time, DT),
traveling from feeder to feeder (travel time, TT) and lingering after
receiving reward (lingering time, LT). Equations 3 and 4 are the base
reinforcement rate equations. For KD, optimal and observed rates
differed in that the probability of waiting out a delay (py.i) Was
determined either after the session or based on the rats’ actual behavior,
respectively (Wikenheiser et al., 2013). In RD, the observed rate was
calculated based on the rats’ behavior for each zone entry (isStay = 1,
isSkip = 0), whereas the optimal rate was calculated using the thresh-
old the rat should have used to maximize its rate of reward intake
(d < thresh = 1,d > thresh = 0). In the base reinforcement equations
below, each entry into an offer zone was treated as independent. There
are four p,,;, values for KD and only one threshold value for RD
because each feeder could be treated as the same on RD but not KD.
Therefore, in the equations below, py.; values for each feeder are a
value between 0 and 1 and isStay/isSkip is a Boolean value of either 1
(stay) or O (skip) making these reinforcement rate equations compara-
ble. When calculating the optimal reinforcement rate for RD, isStay
was replaced with (d < thresh) and isSkip was replaced with (d >
thresh) indicating the behavior the rat should have done given the
delays encountered. isStay and isSkip for each zone encounter was used
to calculate RD’s observed reinforcement rate (instead of d < thresh/
d > thresh) to better encapsulate the rats’ behavior. Delay is repre-
sented as d in the equations below for conciseness.

2% 3% ai
KD base reinforcement rate = M, 3)
iy di % Pwait;
2 isSt
RD base reinforcement rate = * ) (isStay) )

S[d * (isStay)]”

Equations 5 and 6 adds skip decision time (DT) into the reinforce-
ment rate calculation, accounting for the time it takes the rats to skip an
offer on either task. Because there was no separate offer zone on these
tasks, staying out the delay, d, includes both the decision time and the
rest of the waiting time, while skipping needs to identify the time spent
before leaving the zone as decision time (DT).

2% Z?:l pwail,»
L1 [(d; * Pyair,) + (DT*(1 = pyait))]
®)

KDDT reinforcement rate =

DUIN, AMAN, SCHMIDT, AND REDISH

2 %y (isStay)

RDDT reinft t rate = .
FeHOreement e = ST % (Stay) + DT (isSkip)]

©)

Equations 7 and 8 adds travel time to the denominator of the base
reinforcement rate equation accounting for the travel time between
feeders. Because travel times postskip and poststay could have been
different, we separated them in this analysis (T Ty, travel time after
astay; TTgp, travel time after a skip). Lingering time after receiving
reward was not included in the travel time after a stay.

KDTT reinforcement rate

— 2 Z?:l Pwait,
Z?:l Kdz *pwait,v) + (pwait,-*TTstay) + ((1 _pwait,)*TTskip)] '
Q)

RDTT reinforcement rate

2% ) (isStay) ®)
SO[(d + TTyyy) * (isStay) + TTyg, * (isSkip)]

Equations 9 and 10 take the base reinforcement rate equation and
adds the time spent lingering after reward (LT) into the denominator.

4
2% Zi:l Pwait;

KDLTreinforcement rate =
?:1 [(dl *pwait,») + (pwaiti*LT)]

- 9

2 % Y (isStay)

RDLT reinf t rate = .
reinforcement rate S+ LT) = (isSay)]

10)

Statistics

All statistical analyses were two-sided. Behavioral data were
compared using either an ANOVA, ANCOVA, or Wilcoxon signed
rank tests of significance. For the reanalysis of the Schmidt et al.
(2019) data set, data were compared using Wilcoxon rank sum tests
of significance.

Data and Code Availability

All data and code from this experiment are available from the
corresponding author upon reasonable request.

Results

The rats were behaviorally tested on two tasks, RD and KD, seen in
Figure 1. Each consisted of a slightly elevated square maze with four
feeders located at the center of each square’s side. While these tasks
were identical in shape and structure, they differed in that RD offered
pseudorandom delays from 1 to 30 s at each offer zone encounter,
while KD offered a set delay at each feeder within session, but which
varied between sessions. On both tasks the animals knew the locations
of where the next reward could come from; however, cost of the future
rewards was certain in KD but uncertain in RD.

Comparing the overall performance of the rats on each task, rats
gained more reward on KD than on RD (Wilcoxon signed rank
test, p = 5.8e—05) (Figure 3a), even as the environment became
more lean (ANCOVA, a main effect of behavior, F(1, 124) = 24,
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p < le—20, a main effect of leanness, F(1, 124) = 11, p = .0014,
and no interaction between leanness and behavior, F(1,
124) = 0.14, p = .71) (Figure 3b). Along with earning more
reward (Figure 3a), rats on KD also ran more laps, encountering
more feeder sites (Figure 4a) (Wilcoxon signed rank p = 3.1e—9).
However, the average amount of reward per entry to an offer zone
was greater on RD than KD (Wilcoxon signed rank test, p = .03),
indicating that rats were skipping more offers when on KD
(Figure 4b).

Behavioral Differences in the Tasks With Varying Levels
of Immediate Future Certainty

The key question for these tasks is whether the rats’ behavior
differed based on the knowledge they were given of future oppor-
tunities. In order to address this question, we first set out to
determine if the rats showed behavior that would indicate an
understanding that the KD task provided more certain future out-
comes than the RD task. We first looked at the rats” behavior when
within a reward zone, specifically whether the rat waited out an offer
(stay) receiving food reward, or left before the countdown (skip),
forgoing the reward. In both tasks, rats were more likely to stay for
shorter delays than for longer delays, producing a sigmoidal curve of
responses consistent with previous experiments (Schmidt et al.,
2019; Steiner & Redish, 2014; Sweis et al., 2018). However, the
extent of this decrease with delay varied between the tasks—rats
showed a stronger effect of delay on the KD task than on the RD task
(Figure 5a, ANOVA, a main effect of task, F(1, 12581) = 73,
p < le=20, a main effect of delay, F(1, 12581) = 5,970, p < le
—20, and an interaction between delay and task, F(1, 12581) = 162,
p < 1e—20). In general, subjects are more likely to accept offers
below threshold and reject offers above threshold the more certain a
task is (Carandini & Churchland, 2013; Raposo et al., 2012), which
was seen in the difference of behavior between the rats on KD and
RD. This suggests that the rats were behaving differently on the two
tasks and that the rats understood that KD was a more certain
environment than RD.

Figure 3

An effect of this response should be a decreased rate of staying on
leaner sessions (which include more high-delay conditions). Con-
sistent with this observation, we found that rats were more likely to
skip on average over the entire task as the leanness of the task
increased (ANCOVA, a trend of behavior, F(1, 124) = 3.9,
p = .051, a main effect of leanness, F(1, 124) = 18, p < 1e-20,
and no interaction between behavior and leanness, F(1, 124) = 0,
p = .98) (Figure 5b). This suggests that the rats were responding to
a leaner environment similarly on both tasks, by being more
particular about what delays they stayed for in order to get as
much reward as possible.

Efficiency Under the Normative Assumption of
Maximizing Reward Rate

Both Sweis et al. (2018) and Wikenheiser et al. (2013) investi-
gated the optimality of the behavior of animals on the analogous
Restaurant Row and Time Out tasks. In order to test how task
uncertainty impacted the efficiency of the rats’ behavior in this
study, we calculated the observed reinforcement rate and optimal
reinforcement rate (see Methods section). These rates depend on
which time factors are included in the denominator. Based on the
presented offers and the time they were given to forage, optimal
thresholds or probabilities of waiting to gain the most reward were
calculated. To the temporal component of both rates, different time-
consuming behaviors on the maze could be accounted for to better
understand the rats’ behavioral strategy to gain reward. In the base
efficiency condition (Equations 3 and 4), following Wikenheiser
et al. (2013), only the delays were taken into account, but we
later additionally accounted separately for skip decision time
(Equations 5 and 6), travel time between sites (Equations 7 and 8),
and lingering time after reward (Equations 9 and 10). The efficiency
was calculated as the observed reinforcement rate over the optimal
reinforcement rate. A high-efficiency score (close to 1) indicates that
the rat’s behavior was very close to what they “should have” ideally
done, meaning their behavior was well accounted for. Consistent
with previous studies, we found that the base efficiency of rats on

Rats Earned More Reward on the KD Than RD Task, Even With Changing Leanness of the Environment
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Figure 4
Rats Skipped More Offers on KD
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(a) Rats had more offer encounters on KD than on RD. (b) The average reward per offer encounter was greater when

rats ran on RD than KD , (*p < 0.05; ***p < 0.001). See the online article for the color version of the figure.

both KD and RD were far from 100% efficient, with rats behaving
more efficiently on KD than rats on RD (Figure 6a). Note that the
KD base efficiencies replicated Wikenheiser et al. (2013) findings
on a similar task to KD, with the efficiencies of the animals having a
similar distribution between 20% and 70%.

Most theories assume that animals are normatively trying to maxi-
mize the rate of reward, but also that they do not necessarily account
for all time in their temporal budget (Gallistel, 1990; Stephens &
Krebs, 1986). To investigate this, we examined how changing the time
components accounted for in the reinforcement rates changed the
efficiency of the rats on the two tasks, simulating possible temporal
budgets the rats were using to maximize their reward. Previous studies
have found that subjects often ignore intertrial interval time, or the time
spent after reward delivery until offer of next reward, when computing
their expected rate of reward income (Bateson & Kacelnik, 1995;
Gallistel, 1990; Kacelnik & Bateson, 1996; Kalenscher & Pennartz,
2008; Mazur, 1985; Stephens, 2002). This literature suggests that rats

Figure 5

may be optimizing their behavior to the time spent upon reward
offer, such as skip decision time, ignoring other behaviors such as
travel time and lingering time that occur after reward outcome.
For example, in previous literature looking at the efficiency
behavior of rats on a similar task to KD, behavior was rate-
maximized if one included an aversion-to-leave parameter, occur-
ring upon reward offer, however, adding travel time did not
drastically improve the subjects’ efficiency (Wikenheiser et al.,
2013, see additional unpublished note).

Factoring travel time into the reinforcement rates found that while
the efficiency of the rats on KD and RD improved from the base
condition, they were still not close to 100% efficient (Figure 6b). The
difference between the median efficiency of KD and RD with travel
time factored in decreased in comparison to the base efficiency
condition due to rats on RD spending more time traveling between
zones than on KD (Wilcoxon signed rank test p = 3.1e—05). This
suggests that with more certainty in the task, rats run faster, and while

Rats Showed Similar Behavior Trends on Both Tasks, but the Extent of This Behavior Differed Between Tasks
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Rats Optimized Their Behavior to Time Spent Pre-reward Outcome
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travel time does impact how efficiently the rats behaved, it does not
explain their behavior on the maze well.

Factoring lingering time into the reinforcement rates found that
while the efficiency of the rats increased on both tasks, their median
efficiencies were still not close to 100% efficient (Figure 6¢). The
median efficiency ratio of KD and RD with lingering time factored in
did not change compared to the base condition. This was due to rats on
KD and RD having no significant difference in the amount of time
spent lingering (KD median linger time = 8.32 s, RD median linger
time 8.55 s, Wilcoxon signed rank test, p = .32). This suggests that
time spent lingering is not correlated with future knowledge on a task
and instead is likely related to reward receipt. While factoring
lingering time into the efficiency analysis did improve the efficiency
of the rats on both tasks compared to the base condition, their behavior
was still far from efficient and not well explained.

When we instead factored in skip decision time into the efficiency
analysis, we found that both rats on KD and RD were behaving close
to 100% efficient (Figure 6d). This suggested that the rats’ reward
maximization strategy temporally accounted for the time spent
making a decision before reward delivery much more heavily
than the time after reward outcome such as time spent lingering
or traveling. Consistent with previous studies (Bateson & Kacelnik,
1995, 1996; Kalenscher & Pennartz, 2008; Mazur, 1985; Stephens,
2002), these data suggest that rats were accounting for prereward
foraging times when optimizing reward rate, and not including
travel or lingering time as heavily in their behavioral optimization of
reward rate. This is a particularly interesting finding given the
importance of travel time in normative theories of foraging optimi-
zation (Charnov, 1976; Stephens & Krebs, 1986).

To further examine how rats were optimizing epochs of the task,
we looked at the efficiency of the rats when accounting for skip
decision and lingering time (Figure 6¢), when accounting for skip
decision and travel time (Figure 6f), when accounting for lingering
and travel time, but not skip decision time (Figure 6g) and when
accounting for all three additional components (Figure 6h).
Accounting for lingering time increased the efficiency metric of
the rats on both KD and RD more than travel time, however, neither
of these components changed the efficiency metric very much
relative to when only delays and skip decision time were accounted
for. These data suggest that lingering time was accounted for more
so than travel time in the rats’ rate maximization strategies, although
neither components were accounted as heavily as skip decision time.

Planning Behaviors

With future delays being known on KD but unknown on RD, we
set out to determine if this difference could allow rats on KD to plan
future decisions or show evidence of automation behavior. To
explore this, we looked at the encounters where rats skipped and
asked how long the rats took to decide to skip and proceed to the
next offer. Over all sessions, the time it took a rat to decide to skip
was independent of delay length on KD but increased with delay on
RD (ANCOVA, a main effect of behavior, F(1, 4951) = 103,
p = 4.9e-24, a main effect of delay, F(1, 4951) = 106, p = 1.1e
—24, and an interaction between behavior and delay, F(1,
4951) = 104, p = 3.8e—24) suggesting that rats were using differ-
ent decision processes on the two tasks (Figure 7).

There are several hypotheses that could potentially explain the
time a rat takes to decide to skip on these tasks. First, rats could have

been waiting for a specific tone before skipping, which would have
yielded a line parallel to the diagonal, which is not what was seen in
either task (Figure 7). Second, rats could have required a constant
perceptual decision time to decide to skip, which would have
yielded a line parallel to the x-axis. Although a constant decision
time almost parallel to the x-axis was seen in KD, this was not
observed on the RD task (Figure 7), making this hypothesis improb-
able. Instead, rats were deciding to skip or not by some other, more
complex processes which appears to be impacted by the certainty of
the future. This behavior can be further examined by looking at the
speed of the rats during different actions on the tasks. If the rats on
KD are using the knowledge of the future to prepare future actions,
there may be evidence in how the rats handle delays of known length
on the task in comparison to when running on RD.

To better analyze the rats’ behavior, we categorized patterns of
stay/skip on each task as either taking the next offer (1-step),
skipping one offer and taking the next (2-step), skipping two offers
and taking the following (3-step) or skipping three offers and taking
the following (4-step) (Figure 8). There were very few occurrences
of 4-step actions, so they were omitted from further analysis. The
likelihood of skipping more than one offer in a row on RD fell off as
expected (each delay is random, thus, on average over all encoun-
ters, each encounter has a constant probability of being skipped, and
skipping two offers in a row is a product of the two independent
probabilities). However, the four delays in the KD task were always
presented to the rat in increasing order. This meant that the rats
encountered the two longest delays in order, which made it more
likely for the rats to skip two feeders than to skip only one.

To compare speed data across the varying times it took rats to run
around the maze, the time it took the rats to travel between reward
zones was binned into 20 spatial bins per reward-site encounter. On
journeys where the rats accepted the next offer (a 1-step journey), we
found that they decreased their speed as they approached and
stopped at the offer (Figure 9a—c) on both tasks.

When the rats on RD skipped one or two offers (2-step, 3-step),
regardless of skipping, rats slowed upon encounter of a new offer in

Figure 7
Planning Behaviors on KD and RD
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Note. As the delay increased, the rats took longer to decide to skip on RD.
On KD, the time to decide to skip was independent of increasing delay. Three
incorrectly tracked data points were removed. See the online article for the
color version of the figure.
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the same manner as if they were to accept the offer (Figure 9d, f, g,
and 1). Additionally, this behavior stayed constant throughout each
session (Figure 9e and h). However, while rats on KD skipping one
or two offers also slowed down on passing through the zones, we
found that after about 20-25 encounters, rats on the KD tasks
showed less or no slowing as they passed through the zones they
were going to skip (Figure 9d—i). This suggests that as the session
progressed, rats on KD showed a switch to automated behavior
whereas on RD they did not. This further illustrates that when rats
were given knowledge of the cost of future options, their behavior
changed to show expectations of future outcomes.

At the start of a KD session, rats did not know the delays at each
feeder until they encountered them. Thus, we might expect rats
to slow down on approaching encounters early in the session, but
to maintain speed on later encounters that they know they are going to
skip. Because RD delays are unknown until encounter, we would
expect RD behavior to remain constant throughout the session. To
investigate this, we looked at the first and last 25 encounters on the KD
and RD tasks to see if there was any difference in the rats’ skip decision
time. We found that on KD, the rats’ decision to skip as a function of
delay flattened from beginning to end of the session suggesting that
while early behavior required deliberation, later behavior became more
automated (ANCOVA, a main effect of behavior (KD beginning vs.
KD end), F(1, 1368) =59, p < le—20, a main effect of delay,
F(1, 1368) = 10, p = .0016, and an interaction between behavior
and delay, F(1, 1368) = 4.2, p = .039) (Figure 10). This was not
seen in the RD condition suggesting that the difference in future
uncertainty changed the strategies that the rats used on the tasks.

Figure 8
Rats' Behavior Was Categorized into Patterns of Stay/Skip
Decisions
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Note. Rats either took the next offer (1-step), skipped one offer and
accepted the following (2-step), skipped two offers and accepted the
following (3-step), or skipped three offers and accepted the following
(4-step). On RD, the rats skipping between stays decreased exponentially.
On KD, many 3-steps were observed due to the configuration of the task. See
the online article for the color version of the figure.
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These data suggest that changing the knowledge of future op-
portunities on a neuroeconomic foraging task does change decision-
making behavior in rats. On KD, rats showed behavior indicative
that they knew what the future offers would be before encountering
them by taking less time to skip delays as the session progressed,
having less change in their speed before encountering an offer when
skipping, and demonstrating a different strategy of staying versus
skipping various offers than on RD. Seeing these differences in
decision-making behavior, we then sought to investigate whether
the ability to plan affected whether rats experienced a sensitivity to
sunk costs, a phenomenon known to impact decision-making.

Sunk Costs

The sunk cost fallacy is a decision-making phenomenon that is well
known in humans, and has also been observed in rats, mice, and other
non-human animals (Dawkins & Brockmann, 1980; Magalhdes &
White, 2016; Pattison et al., 2012; Sweis et al., 2018). Sunk costs refer
to investments made into a course of action that cannot be recovered
and according to standard economic theory, should not be included in
decisions because decisions should be made based on future opportu-
nity. Therefore, a sensitivity to sunk costs is often seen as an error in
decision-making (Thaler, 1980). The sunk cost fallacy arises when one
allows past investments to escalate one’s commitment into a decision
that may not be in one’s best interest to continue pursuing (Kahneman
et al., 1991; Sleesman et al., 2012; Staw, 1976; Staw & Ross, 1989). It
is thought that susceptibility to sunk costs increases when the future is
more uncertain (Magalhdes & White, 2016), therefore, since we have
seen evidence that rats on KD have knowledge of what is ahead, we
investigated whether the differences of uncertainty between KD and
RD would lead to a difference in sunk cost sensitivity.

In previous research, experiments using Restaurant Row and
Time Out found that subjects were not optimal in their behavior
and found evidence of sunk cost sensitivity (Restaurant Row, Sweis
et al., 2018) or an aversion to leave behavior (Time Out,
Wikenheiser et al., 2013). We sought to investigate if a sensitivity
to sunk costs could be partly responsible for the suboptimal behavior
seen on RD and KD.

A sensitivity to sunk costs was seen on both KD and RD (KD:
ANOVA, interaction between time spent already waiting and the
difference between observed and control slopes, F(25, 696) = 3.4,
p = 7.0e—7; even after controlling for main effects of task, F(1,
696) = 375, p = 3.7e—67, of time spent waiting, F(25, 696) = 14,
p = 2.6e—46, and of the difference between observed and control
slopes, F(1, 696) = 19, p = 1.7e—5). There was also an interaction
effect between the tasks (F(25, 696) = 4, p = 3.1e—10) with more
sunk costs seen on the RD than the KD task (see Figure 11). This
suggests that adding future certainty into the task reduced sunk cost
behavior but did not eliminate it completely.

Additionally, on RD, sensitivity to sunk costs appeared to be delayed
for the first five seconds of waiting upon encountering the delay
(Figure 11c). This was not seen on KD, which appeared to show
sunk costs starting immediately, reminiscent of effects seen in Sweis
et al. (2018). Rats on RD did not have knowledge of the future, which
meant that they did not know the delay to reward until entering a reward
zone. This meant that they would need time upon entering the reward
zone to perceive what the delay was. Previous iterations of Restaurant
Row included an offer zone and a wait zone (Sweis et al., 2018). In
those versions, upon entering the offer zone, a tone indicating the length
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Figure 9
Rats on KD Showed Knowledge of Future Expectations
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(a) Average binned speed on the 1-step condition. Rats decreased their speed upon encountering a delay which they would

accept on both tasks. Error bars represent standard error. (b) Average binned speed over encounters for RD and KD. (c) Example
tracking with speed plotted for a 1-step condition for both RD and KD. (d) The average binned speed on the 2-step condition. Rats on
KD showed less slowing before encountering a delay they would skip. (e) This behavior developed around the 15-20 encounter mark
on KD. On RD, rats slowed before encountering an offer they would skip. (f) Example tracking with speed plotted for a 2-step trial.
Four extraneous tracking points were removed from KD 2-step. (g) The average binned speed on the 3-step condition showed rats on
RD slowing before skipping each offer. Rats on KD showed less or no slowing before encountering an offer they would skip. (h) This
behavior developed around the 20-25 encounter mark. (i) Example tracking with speed plotted for a 3-step trial. A few extraneous
tracking points were removed from KD 3-step. Purple squares indicate where the rat exited the first zone in the step conditions, black
X’s indicate zone entrances during step conditions, and the red triangle indicates last zone entry of step conditions. Pink star indicates

a feeder fire on the example tracking figures. See the online article for the color version of the figure.

of the delay to reward would be emitted but would not start counting
down. At that point, the subject could choose to either enter the wait
zone, where the delay tone would begin descending to reward, or the
subject could skip and proceed to the next offer. This differs from
Randomized Delay where there only exists a wait zone; upon entering
the wait zone a delay begins counting down to reward. Previous
research has found that on the Restaurant Row with an offer zone,
sunk costs do not accumulate in the offer zone but immediately start
accumulating if they enter the wait zone. This research has also shown
that on Restaurant Row with only a wait zone, sunk cost accumulation
was delayed (Sweis et al., 2018, see Supp. Figure 7). Sweis et al.
(2018) have suggested that decision processes used to perceive and

react to the delay are not accounted for by the same neural system that
adds time investments into the rats’ internal sunk cost calculation,
which would predict that the rats’ escalation of commitment would be
delayed when they could not plan, leading to differences between KD
and RD.

Sunk Costs Under mPFC Disruption

Seeing that sunk cost behavior was different on tasks where rats
could or could not plan, this drove us to revisit an old data set
published in Schmidt et al. (2019) to look at sunk costs when the
rats’ medial prefrontal cortex (mPFC) was disrupted using h4MDi
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Figure 10
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Rats Decision to Skip on KD Significantly Flattened Throughout Each Session
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The time rats took to skip was plotted versus delay for the first 25 and last 25 encounters of each session. One data point was

incorrectly tracked and was removed from the first 25 offer encounters figure. See the online article for the color version of the figure.

DREADDS because the mPFC is well-established as having a role
in planning behavior (Euston et al., 2012). In that study, rats were
virally transfected with h4MDi DREADDS with a CAMKIla
promoter and were run on a variation of the Restaurant Row task
where clozapine N-oxide (CNO, disrupted) was used to activate the
DREADDS; vehicle control injections were used as a control (VEH,
intact, see Methods). The Restaurant Row task differed from the RD
task in that the reward zones were located at the end of four spokes
and different flavored pellets were used (cherry, chocolate, banana,
and plain) (Figure 12a). Comparing the disrupted to the intact
condition, rats under the disrupted condition ran more laps (Figure 12
b, Wilcoxon rank sum test p = .0014) and gained more reward
(Figure 12c¢, Wilcoxon rank sum test p = .00029).

On the Restaurant Row tasks, planning can be measured through
vicarious trial and error behavior (VTE; Steiner & Redish, 2014;
Sweis et al., 2018). VTE is a behavioral indication of deliberative
decision-making and is calculated as the z-scored integrated angular
velocity measure of the rats’ head at a decision point during a task
(Muenzinger, 1938; Muenzinger & Gentry, 1931; Papale et al.,
2012; Redish, 2016; Schmidt et al., 2013, 2019; Tolman, 1939).
The rats under the disrupted condition showed less VTE behavior
suggesting that DREADDS caused a disruption of deliberative
behavior with prefrontal disruption [(probability of VTE, pVTE;
Figure 12d), Wilcoxon rank sum test p = 3e—6].

Since behavioral changes were seen with prefrontal disruption,
we were curious to see whether rats under the disruption condition
would show an increased sensitivity to sunk costs. While rats in both
the disrupted and intact conditions showed a sensitivity to sunk costs
(Figure 12e), rats in the disrupted condition showed an increased
sensitivity to sunk costs (Figure 12f, ANOVA, interaction between
task and observed versus control slopes, F(1, 791) = 26, p < le
—20, even after controlling for a main effect of task,
F1, 791) =42, p = .04, main effect of time spent, F(23,
791) = 96, p < 1le—20, main effect of observed versus control
slopes, F(1, 791) = 554, p < 1e-20, and interaction between
time spent and observed versus control slopes, F(23, 791) = 20,
p < 1e—20). As noted in the methods, these data cannot preclude
the possibility that CNO may have affected the sunk costs directly

rather than through the medium of disrupting mPFC. Nevertheless,
our results do find a difference between CNO and VEH in these
virus-transfected rats that supports an inverse relationship between
VTE and sunk costs.

Previous literature has found that VTE behavior allows subjects to
evaluate whether an offer is worth pursuing (Sweis et al., 2018). These
studies found that this time spent deliberating was not included in the
accumulation of sunk costs (Sweis et al., 2018). This suggests that
because rats in the disrupted condition showed less VTE behavior,
instead of evaluating a decision before entering the spoke, they likely
made a snap judgement to enter the spoke and subsequently had to
reevaluate the decision once committed. By the time the mPFC-
disrupted rats were reevaluating their decision to stay, they had already
made the decision to enter the spoke whereas rats in the control
condition used deliberative strategies to decide whether to pursue or
avoid the problematic offer. This could explain the increased sensitiv-
ity to sunk costs in the disrupted condition; by disrupting VTE, the
mPFC-disrupted rats were left only with reevaluation of their deci-
sions, causing them to accumulate more sunk costs than rats with VTE
intact. These data suggest an inverse relationship between the presence
of VTE behavior and sunk cost sensitivity—when rats were unable to
use VTE behavior to evaluate whether to pursue or avoid a problematic
decision, they had to make the decision to quit as a reevaluation and
became more susceptible to sunk costs.

Discussion

We sought to investigate how decision-making behavior would
change when rats were given varying knowledge of the future in a
neuroeconomic foraging environment. We found that when rats
were given knowledge of future conditions, they were able to
prepare for future actions. On KD, the rats showed behavior
indicating that they understood future offers before encountering
them by taking less time to skip bad offers as the session progressed,
maintaining speed when encountering an offer they would skip, and
having a more exploitative stay/skip response curve on KD than RD.
We then investigated how having the ability to plan would affect
errors in decision-making such as showing a sensitivity to sunk
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Figure 11
Sunk Cost Behavior Immediately Accrued on KD But Not on RD
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(a) An example from one rat of the probability of staying for a reward in the offer zone on KD and RD (R397). Dark blue data points indicate trials in

which the subject had just entered the offer zone (control data). Colored data points indicate delay time remaining after the subject had already waited varying
amounts of time. (b) Slope of points from probability of staying as a function of time remaining plotted against the amount of time waited. Colored lines
represent the sunk cost trials, the black dashed line represents the control data. Mean over all rats, shaded errorbars indicate standard error over rats.
(c) Difference in sunk cost slope to control slope in (b) versus time spent waiting for a delay. Values above zero indicate sunk cost behavior was present. Rats
showed sunk cost behavior on both KD and RD, however rats on RD showed more sunk costs than on KD. Additionally, the accrual of sunk costs was delayed
on RD but not on KD. See the online article for the color version of the figure.

costs. We found that while rats on both tasks showed a sensitivity to
sunk costs, rats on KD showed significantly less than on RD,
suggesting that while future knowledge reduced the escalation of
commitment from past investments of time, it did not completely
eliminate it. We also found from the Schmidt et al. (2019) reanalysis
that when the rats’ planning was disrupted, indicated by a reduction
in VTE behavior, sunk cost sensitivity increased. These data suggest
that rats use a complex decision-making process where multiple
factors such as past investments and future potential earnings had
varying levels of impact on the neural systems contributing to
decision-making, depending on the decision-making systems acti-
vated to solve a given task.

This study aimed to extend two previous studies, Wikenheiser
et al. (2013) and Sweis et al. (2018), where they found suboptim-
ality in the behavior of animals on tasks similar to KD and RD. On
the Time Out task, Wikenheiser et al. (2013) was able to explain the
observed inefficiency by adding an aversion to leave a presented
offer as a parameter to the reinforcement rate equation. On the
Restaurant Row task, Sweis et al. (2018) observed a sensitivity to
sunk costs and suggested the suboptimality was due to multiple,
parallel valuation algorithms that are differently susceptible to sunk
costs. Our data suggest that the aversion to leave hypothesis

proposed by Wikenheiser et al. (2013) may be the same behavioral
process as the sunk cost fallacy, with the differences in sensitivity to
sunk costs on the tasks explained by the knowledge of the future the
subject has.

Many rational choice theories assume that decision-makers aim to
rate-maximize (Stephens & Krebs, 1986). As such, rate maximiza-
tion equations predict that animals’ preferences and decisions will
reflect choosing rewards that will increase the ratio of reward per
unit time, where time represents all time in an environment where
rewards are able to be earned. However, in many situations it has
been observed that subjects’ decisions are determined not by this
ratio but only by the waiting time preceding rewards (Gallistel,
1990; Kacelnik & Bateson, 1996; Kalenscher & Pennartz, 2008;
Stephens & Anderson, 2001). This was replicated in this study,
where the efficiency of the subjects was not well explained by
including travel time or lingering time in the rate-maximizing
equations. So, if the rats were making their decisions and maximiz-
ing their behavior primarily on the time before reward delivery, this
time may have more weight in the rats’ decision-making processes
than other times on the maze. If that is the case, then when rats on
either task enter a reward zone for a delay above threshold and pause
for some amount of time, that time may be processed differently than
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Figure 12

hM4Di DREADDs Rats Showed Behavioral Changes Under CNO Including an Increased Sensitivity to Sunk Costs
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Note. (a) Schematic of the Restaurant Row task. Different color pellets indicate different flavors (brown = chocolate, white = plain, yellow = banana,
pink = cherry). (b) Number of laps ran during the CNO and VEH conditions. (c) Reinforcement rate for the CNO and vehicle (VEH) conditions, measured in 45 mg
pellets received during the one hour session. (d) Probability of VTE during the CNO and VEH conditions. (e) and (f) Sunk cost sensitivity for CNO and VEH
conditions. Shaded error bars represent standard error. (** p < 0.01; *** p < 0.001). See the online article for the color version of the figure.

time elsewhere on the maze, because that time means more to
the rats.

Additionally, our results are problematic for the Marginal Value
Theorem (MVT). MVT is an optimality model that is used to
describe rate-maximizing behavior in patch environments much
like the foraging tasks used in this experiment (Charnov, 1976).
MVT assumes that when an animal is harvesting resources at a
patch, the resources available will decrease over time, meaning the
value of staying at that patch decreases over time. The MVT
assumes the subject compares the value of staying at the current
patch with the rate of reward in the environment (including the time
it takes to travel from the current patch to search for a new patch)
when deciding whether to remain at the current patch or search for a
new one (Charnov, 1976). However, MVT is problematic in our
analysis because MVT assumes that the subject is assessing the rate
of reward correctly, by accounting for time-consuming factors like
travel time into their foraging strategy. We found that the rats in this
experiment were not interpreting all time as the same when making
their decisions, accounting for prereward foraging times more
heavily than postreward lingering or traveling times. Our data
suggest that the MVT may need to take context and experimental
conditions into account in order to accurately predict behavior on a
foraging task.

Why did future knowledge not completely abolish sunk cost
sensitivity in rats on KD? Sunk cost sensitivity arises when the

subject’s past investments, in this case time, influences their current
decisions. Theory suggests making decisions requires choosing
something that will maximize your future earnings, not choosing
something based on investments already lost (Kalenscher &
Pennartz, 2008; Stephens & Krebs, 1986). When it comes to making
a decision, many authors have argued that a reevaluation of one’s
current action followed by a change in course of action can actually
be rational behavior especially in situations where past investments
exist (Arkes & Ayton, 1999; Karlsson et al., 2005; Strotz, 1955).
One example of this is when a rat enters a reward zone with a delay
above threshold. The offer is not in their best interest to take, so
choice theory suggests that it is in the subjects’ best interest to
reevaluate and change its course of action regardless of time already
waited. Many argue that a susceptibility to sunk costs arises in
scenarios where the outcome value has significant uncertainty
(Arkes & Blumer, 1985), so one could argue that sunk cost
sensitivity is seen in rats on RD because, although the location
of their next reward is certain, if they choose to skip a bad deal they
could encounter an even worse deal at the next reward zone, making
outcome value uncertain. However, this does not explain why rats
on KD also showed sunk cost sensitivity.

On KD, rats had complete knowledge of their potential future
earnings which theoretically would indicate that because there is no
uncertainty of future outcome value there would be no need to let
past investments influence their decisions. However, this was not
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seen. Instead, a sensitivity to sunk costs was also observed in rats
on KD.

Some theories suggest that the reason one can get trapped in
escalating their commitment is uncertainty of the future (Magalhdes &
White, 2016); other theories have suggested that one can get trapped
in escalation due to overattention to immediately present situations
(Kahneman et al., 1991; Staw & Ross, 1989). Our data suggest both
components are involved in sunk-cost behavior. Uncertainty played
more of a role in RD than KD, however, overattention to immediately
present situations would appear in both tasks and could explain why
some sunk costs remained in KD. The multiple systems theory
suggests that behavior arises from interacting decision-making sys-
tems. Our data suggest that knowledge of the future reduces but does
not eliminate sunk costs. The evidence that VTE, known to be an
indicator of deliberative decision-making processes (Redish, 2016), is
inversely related to sunk costs indicates that some aspects of sunk
costs arise from competing decision-making systems, most likely
Pavlovian systems attending to immediate situations, as seen in
conditioned place preference (Huston et al., 2013) and the endow-
ment effect (Hutcherson et al., 2015; Kahneman et al., 1991).

Providing subjects with knowledge of the future could reduce
uncertainty and change how the systems interact to reduce behav-
ioral errors like sunk costs; however, even under future certainties,
one should not expect to fully remove sensitivities to sunk costs.
We saw in this experiment that rats on KD knew of the future
delays to reward, but still showed a sensitivity to sunk costs.
These data suggest that subtle changes in task structure can have
dramatic effects on how decision-making systems interact to
control behavior. How you ask the question changes the subject’s
response.
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