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The most dynamic period of postnatal brain development occurs during adolescence, the period between childhood and
adulthood. Neuroimaging studies have observed morphologic and functional changes during adolescence, and it is believed
that these changes serve to improve the functions of circuits that underlie decision-making. Direct evidence in support of this
hypothesis, however, has been limited because most preclinical decision-making paradigms are not readily translated to
humans. Here, we developed a reversal-learning protocol for the rapid assessment of adaptive choice behavior in dynamic
environments in rats as young as postnatal day 30. A computational framework was used to elucidate the reinforcement-
learning mechanisms that change in adolescence and into adulthood. Using a cross-sectional and longitudinal design, we pro-
vide the first evidence that value-based choice behavior in a reversal-learning task improves during adolescence in male and
female Long–Evans rats and demonstrate that the increase in reversal performance is due to alterations in value updating for
positive outcomes. Furthermore, we report that reversal-learning trajectories in adolescence reliably predicted reversal per-
formance in adulthood. This novel behavioral protocol provides a unique platform for conducting biological and systems-level
analyses of the neurodevelopmental mechanisms of decision-making.
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Significance Statement

The neurodevelopmental adaptations that occur during adolescence are hypothesized to underlie age-related improvements
in decision-making, but evidence to support this hypothesis has been limited. Here, we describe a novel behavioral protocol
for rapidly assessing adaptive choice behavior in adolescent rats with a reversal-learning paradigm. Using a computational
approach, we demonstrate that age-related changes in reversal-learning performance in male and female Long–Evans rats are
linked to specific reinforcement-learning mechanisms and are predictive of reversal-learning performance in adulthood. Our
behavioral protocol provides a unique platform for elucidating key components of adolescent brain function.

Introduction
Adolescence is the period of development between childhood
and adulthood during which individuals experience increased
demands on self-guided decision-making compared with those
experienced during childhood (Blakemore and Robbins, 2012).

Many of these decisions occur under risky or ambiguous situa-
tions and can be associated with severe negative outcomes, such
as illicit substance use, engaging in risky sexual behaviors, and
reckless driving (Chambers et al., 2003; Kann et al., 2016).
Empirical studies have reported that adolescents perform worse
compared with adults in laboratory tasks of decision-making
(Gardner and Steinberg, 2005; van der Schaaf et al., 2011;
Christakou et al., 2013; Barkley-Levenson and Galván, 2014;
Decker et al., 2016; Anandakumar et al., 2018), but the mecha-
nisms underlying theses age-related changes in behavior are not
known.

Decisions are guided by action values generated in the brain
through multiple computational steps based on previous actions
and outcomes (Sutton and Barto, 1998; Dayan and Daw, 2008;
Niv, 2009; Lee, 2013). Reinforcement-learning algorithms have
been used to quantify the degree to which specific computational
steps influence choice, and there is considerable interest in the
use of these models for advancing our understanding of the
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developmental mechanisms underlying decision-making (Hartley
and Somerville, 2015; Nussenbaum and Hartley, 2019). Recent
studies have found that when compared with adults, adolescents
show a stronger tendency to learn more from rewards than
punishment (Palminteri et al., 2016), and also have lower learn-
ing rates (Van Den Bos et al., 2012; Davidow et al., 2016),
altered prediction error encoding (Hauser et al., 2015), and
increased exploratory behaviors (Christakou et al., 2013). Age-
related changes in these reinforcement-learning processes may
explain, in part, why adolescence is a period associated with
risky behavior and poor decision-making.

Identifying the precise mechanisms underlying age-related
changes in decision-making could provide critical insights
into neurodevelopmental mechanisms mediating mental illness
(Chambers et al., 2003; Schneider, 2013; Hartley and Somerville,
2015; Simon and Moghaddam, 2015). Decision-making is
impaired in individuals with a range of mental disorders (Ersche
et al., 2008; McKirdy et al., 2009; Ghahremani et al., 2011;
Schlagenhauf et al., 2014; Reddy et al., 2016), and symptoms of
mental illness emerge during adolescence (Kessler et al., 2007;
Paus et al., 2008). Nevertheless, elucidating the biological corre-
lates of decision-making during adolescence presents a major
challenge as this developmental period is extremely short in
rodents (Schneider, 2013) and most translationally analogous de-
cision-making tasks require rats to be trained for several weeks
(Mitchell et al., 2014; Groman et al., 2018). Moreover, decision-
making tasks that work well in adults often do not work well in
juveniles and thus limit the ability to collect repeated assessments
throughout the life span of a subject. Therefore, linking rapid
neurodevelopmental and behavioral changes has been difficult.

The goal of the current study was to rapidly assess adaptive
choice behavior using a novel reversal-learning task at distinct
adolescent time points and into adulthood in rats. Using both
cross-sectional and longitudinal designs, we trained rats to ac-
quire and reverse in a three-choice reversal-learning paradigm
(Groman et al., 2018) at four distinct adolescent ages [postnatal
day 30 (P30), P50, P70, and P90]. We also examined whether
improvements in reversal-learning performance during adoles-
cence predicted performance of the same rats in adulthood
(P130, P150, and P170). The cross-sectional and longitudinal
studies in rats presented here used a computational approach
to identify the precise reinforcement-learning mechanisms un-
derlying these age-related improvements in reversal-learning
performance.

Materials and Methods
Animals
Male (M) and female (F) Long–Evans rats (N= 60; 31 M/29 F) were bred
in-house using 10 breeding pairs. Rats were weaned at P21 and housed
in standard laboratory cages on a 12 h light/dark cycle in a vivarium
(lights on at 7:00 A.M.). Animals had ad libitum access to water and
food until behavioral testing began. All experimental procedures were
performed as approved by the Institutional Animal Care and Use
Committee at Yale University and according to National Institutes of
Health and institutional guidelines and the Public Health Service Policy
on the Humane Care and Use of Laboratory Animals.

Rats were assigned to participate in either a cross-sectional study
(N= 40; 21 M/19 F; Fig. 1A, left) or a longitudinal study (N=20; 10 M/
10 F; Fig. 1A, right). Animals at different ages in the cross-sectional
study underwent a single round of testing on the reversal-learning task
(described below). In contrast, animals in the longitudinal study were
repeatedly tested at different ages on the reversal-learning task. This
combination of studies enabled us to determine whether reversal-learn-
ing performance changed with age and/or experience, and to quantify

trajectories of reversal-learning performance during adolescence. The
transition age from childhood, adolescence, and adulthood in the rat are
not well defined (Schneider, 2013; Sengupta, 2013), so we assessed rever-
sal-learning performance at different ages that spanned the entire devel-
opmental period (cross-sectional and longitudinal studies: P30, P50,
P70, and P90) and into adulthood (longitudinal study: P130, P150, and
P170).

Apparatus
All behavioral testing was performed in standard aluminum and
Plexiglas operant conditioning chambers. These chambers were
equipped with a photocell pellet-delivery magazine and a curved panel
with five photocell-equipped noseports (NPs) on the opposite side (Med
Associates). Chambers were housed inside of sound-attenuating cubi-
cles, with background white noise being broadcast.

Operant training
Cross-sectional study. Rats in the cross-sectional study were exposed to
10% sweetened condensed milk (SCM; % v/v, water) at P25, P45, P65, or
P85 in a single 2 h session within their home cage. The following day,
food was removed 12 h before rats were trained to make an operant
response to receive a reward (60 ml of 10% SCM solution) in 12 h over-
night sessions. Rats initiated trials by making a response into an illumi-
nated magazine. A single noseport aperture located on the opposite
panel was illuminated, and responses into the illuminated noseport
resulted in the delivery of reward into the magazine. Sessions terminated
when rats had earned 151 rewards or 720 min (e.g., 12 h) had elapsed,
whichever occurred first. This reward criterion, rather than a trial crite-
rion, was used to minimize differences in satiation set points that likely
exist between adolescent and adult rats. If rats did not obtain 151
rewards in a single, overnight session, the operant training session was
repeated the following day(s) until the performance criterion was met.

Longitudinal study. Rats included in the longitudinal study were
exposed to 10% sweetened condensed milk at P25 in a single 2 h session
within their home cage. The following day, food was removed 12 h
before rats were trained to make an operant response to receive a reward
(60 ml of 10% SCM solution) in 12 h overnight sessions. Rats initiated
trials by making a response into an illuminated magazine. A single nose-
port aperture located on the opposite panel was illuminated, and
responses into the illuminated noseport resulted in the delivery of
reward into the magazine. Sessions terminated when rats had earned 151
rewards or 720 min had elapsed, whichever occurred first. If rats did not
obtain 151 rewards in a single, overnight session, the operant training
session was repeated in the following days until the performance crite-
rion was met. There were technical difficulties during the first operant
training session: a subset of rats removed a barrier that was placed
between the grid floor and operant wall, and climbed underneath the
wire grid floors at some point during the session. The number of operant
sessions that rats required to reach criterion, therefore, was slightly
greater in the longitudinal study compared with that in the cross-sec-
tional study (see Results).

Deterministic and probabilistic reversal learning. Once operant
responding had been established, the ability of rats to acquire and reverse
deterministically reinforced three-choice spatial discrimination prob-
lems was assessed in three consecutive overnight sessions (Fig. 1B). A
response into the magazine resulted in the illumination of three noseport
apertures, and rats could respond to any of the illuminated noseports to
earn a deterministically delivered reward (Fig. 1C). One noseport was
randomly assigned to deliver reward, while the other two were assigned
to not deliver reward by a computer program at the start of each session.
When rats met a performance criterion (21 choices on the highest rein-
forced noseport in the last 30 trials), the assignments reversed: the rein-
forced noseport (100%) was now assigned to not deliver reward (0%),
while one of the unreinforced noseports was now assigned to deliver
reward (100%). These reinforcement probabilities remained unchanged
until the performance criterion was once again met, after which the rein-
forcement probabilities reversed again between the reinforced noseport
and one of the unreinforced noseports. Each time the performance crite-
rion was met, these assignments reversed. The occurrence of a reversal
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was, therefore, contingent on the performance of the rat. Sessions termi-
nated when rats earned 151 rewards or 720min had elapsed. Rats com-
pleted three sessions using this deterministic schedule of reinforcement.
If rats failed to earn 151 rewards in a single session, that session was
repeated the following day.

The ability of rats to acquire and reverse probabilistically reinforced
three-choice spatial discrimination problems was then assessed in three
consecutive overnight sessions. Each noseport aperture was randomly
assigned to deliver reward with a probability of 70%, 30%, or 10% by the
program at the start of each session (Fig. 1D). When rats met a perform-
ance criterion (21 choices on the highest reinforced noseport in the last
30 trials), the probabilities reversed: the most frequently reinforced nose-
port (70%) was now assigned to deliver reward with a lower probability
(e.g., 30% or 10%), and one of the less frequently reinforced noseports
(30% or 10%) was now assigned to deliver reward with the highest prob-
ability (70%). Sessions terminated when rats received 151 rewards or
720min had elapsed, whichever occurred first. If rats failed to earn 151
rewards in a single session, that session was repeated.

Once rats completed the third session under the probabilistic sched-
ule of reinforcement, rats in the cross-sectional study were killed and tis-
sue was collected for future postmortem analyses (not reported here).
Rats in the longitudinal study were returned to the vivarium and given
ad libitum access to food. They remained undisturbed until they had
reached the next testing age (e.g., P50, P70, P90, P130, P150, and P170).

Data analyses
Logistic regression. Age-related changes in outcome-based learning could
be due to variation in how rats use rewarded and unrewarded outcomes

to guide their choices. To test this rigorously, the choice behavior of rats
was analyzed by fitting the following logistic regression model that esti-
mated the likelihood of repeating the same choice as in each of the four
previous trials according to whether the previous trial was rewarded or
not, as follows:

ln
PxðtÞ

1� PxðtÞ
� �

¼ b 01
X4

t¼1
b 1

t I
1 t � tð Þ1

X4

t¼1
b 0

t I
0ðt � tÞ

where Px(t) denotes the probability that in trial t the rat would make the
same noseport choice, x, that could have been made in each of the last
four trials (t = 1–4). I1ðtÞ and I0 tð Þ indicate whether the choice of the
target x in trial t by the rat was rewarded or not according to the follow-
ing convention: I1 tð Þ = 1 if the choice of x in trial t was rewarded, 0 if
the choice in trial t was unrewarded, and �1 if the animal chose the tar-
get other than x in trial t and was rewarded; I0ðtÞ = 1 if the choice of x in
trial t was unrewarded, 0 if the choice in trial t was rewarded, and �1 if
the animal chose the target other than x in trial t and was rewarded. For
example, if the choices of the animal in the last four trials and their out-
comes were NP1 rewarded (t-1), NP2 unrewarded (t-2), NP3 rewarded
(t-3), and NP2 rewarded (t-4), then the values of the regressors included
in the above logistic regression model for NP1 would be I1ðt � tÞ= 1, 0,
�1, �1, and I0ðt � tÞ = 0, �1, 0, 0, for t = 1, 2, 3, 4, respectively. Three
separate logistic regressions were performed for each of the three nose-
port choices, and all of the regression coefficients for each of the three
choices averaged separately for regressors corresponding to rewarded
and unrewarded choices. Positive coefficients for the rewarded and

Figure 1. Assessing adaptive choice behavior in the reversal-learning task throughout adolescence in the rat. A, Left, Experimental design used in the cross-sectional study. Separate cohorts
of rats began testing at P25, P45, P65, or P85. A, Right, Experimental design used in the longitudinal study. B, Schematic of a single trial in the reversal-learning task. C, The deterministic
schedule of reinforcement for each of the three noseport (NP) options. D, The probabilistic schedule of reinforcement for each of the three noseport options.
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unrewarded predictors indicate that rats are more likely to persist with
the same choice, whereas negative regression coefficients indicate that
rats are more likely to switch their choice.

Reinforcement-learning model. Reinforcement-learning models pre-
dict that choices are based on outcomes from different actions that incre-
mentally accrue over many trials. To investigate age-related changes in
specific reinforcement-learning processes, choice data were fit with a for-
getting reinforcement-learning model (Barraclough et al., 2004; Ito and
Doya, 2009; Groman et al., 2016, 2018). This model was fit using 100 dif-
ferent initial parameter values with starting action values Qx(1) = 0 for all
actions (x = NP1, NP2, NP3). The value updating for this model is as
follows:

if a ðtÞ ¼ x;Qx t1 1ð Þ ¼ gQx tð Þ1DðtÞ

if a ðtÞ 6¼ x;Qx t1 1ð Þ ¼ gQx tð Þ

where the decay rate g determines how quickly the action value decays
and D(t) indicates the change in the action value depending on the out-
come in trial t. If the outcome of the trial was rewarded, then the value
function of the chosen port was updated by D(t) = D1, the reinforcing
strength of reward. If the outcome of the trial was not rewarded, then
the value function of the chosen port was updated by D(t) = D0, the aver-
sive strength of no reward. Choice probability was calculated according
to a softmax function and trial-by-trial choice data fit with these three
parameters (e.g., g , D1, and D0) selected to maximize the likelihood of
the sequence of choices of each rat using the fminsearch function in
MATLAB (version 2018a).

We also compared the fit of the forgetting reinforcement-learning
model to the following three other reinforcement-learning models: (1)
the same reinforcement-learning model described above but with the
exclusion of the D0 parameter as this parameter did not change during
adolescence; (2) a Q-learning algorithm that contained a single learning
rate parameter (a) and the inverse temperature parameter (b ; Ito and
Doya, 2009); and (3) a Q-learning algorithm that contained two learning
parameters—one for positive outcomes (a_g) and one for negative out-
comes (a_l)—and the b value (Frank et al., 2004). The value updating
for these models are as follows:

Differential forgetting without the D0 parameter:

if a tð Þ ¼ x and r tð Þ ¼ 1;Qx t1 1ð Þ ¼ gQx tð Þ1D1

if a tð Þ ¼ x and r tð Þ ¼ 0;Qx t1 1ð Þ ¼ gQx tð Þ

if aðtÞ 6¼ x;Qx t1 1ð Þ ¼ gQx tð Þ:

Q-learning with a single learning rate:

if a tð Þ ¼ x;Qx t1 1ð Þ ¼ Qx tð Þ1aðr tð Þ � Qx tð ÞÞ

if aðtÞ 6¼ x;Qx t1 1ð Þ ¼ Qx tð Þ:

Q-learning with two learning rates:

if a tð Þ ¼ x and r tð Þ ¼ 1;Qx t1 1ð Þ ¼ Qx tð Þ1agð1� Qx tð ÞÞ

if a tð Þ ¼ x and r tð Þ ¼ 0;Qx t1 1ð Þ ¼ Qx tð Þ1alð0� Qx tð ÞÞ

if aðtÞ 6¼ x;Qx t1 1ð Þ ¼ Qx tð Þ:

The Bayesian information criterion (BIC) for each model was calcu-
lated, and the BIC for each model summed across rats (see Table 2 and
Table 3 for these results) The BIC for the forgetting reinforcement-

learning model was lower compared with all other models, indicating
that this model best fit the rat choice data.

Statistical analyses
Data are expressed as the mean 6 SEM. All analyses were conducted in
SPSS (version 26; IBM) using generalized linear models (GLMs) or gen-
eralized estimating equations (GEEs). GEE is a population-level
approach based on the quasi-likelihood function that provides a popula-
tion average estimate of parameters. GEEs permit the specification of a
working correlation matrix to account for the within-subject correlation
of responses on dependent variables of different distributions, including
normal, binomial, and Poisson, that yields unbiased regression parame-
ters relative to ordinary least-squares regression (Ballinger, 2004). Data
were entered into a GEE model as repeated measures using a probability
distribution based on the known properties of these data. The working
correlation matrix for each model was determined by comparing the
quasi-likelihood criterion (Pan, 2001). Factors in the model included sex
(male/female) and age. Statistical significance of explanatory factors
included in the model was assessed with the Wald x 2 test. Regression
and multiple linear regression models were used to examine relation-
ships between dependent variables. A nested regression model was used
for regression analyses involving repeated measures. Principal compo-
nent analyses (PCAs), a linear dimension reduction approach, was used
to identify shared features among the dependent variables. To determine
how reversal-learning trajectories during adolescence may be related to
reversal-learning performance in adulthood, the slope between the de-
pendent variables (e.g., the number of reversals completed and the rein-
forcement-learning parameter estimates) and adolescent age was
calculated.

Results
Operant training
The number of operant training sessions that rats required to
reach the reward criterion was first examined in the cross-sec-
tional study. The number of sessions required to achieve the
reward criterion increased across the ages examined, as follows:
rats that began the operant training on P25, P45, P65, or P85
required 1.26 0.13, 2.186 0.38, 3.36 0.78, or 4.426 0.91 ses-
sions, respectively, to reach the criterion. This is likely due to dif-
ferences in body weight and, consequently, motivation that
emerged across these ages. Rats at P90 were significantly larger
than those at P30 (P90, 440 g; P30, 58 g; Table 1), so it is likely
that P90 rats required additional days of mild food restriction to
achieve the level of motivation that was observed in P30 rats fol-
lowing a single, mild food restriction. Nevertheless, all rats were
able to acquire the operant response. Noseport responses were
reinforced with the same amount of reward across the different
ages. It is possible that younger rats could have been satiated by
fewer rewards than older rats and, therefore, took longer to
achieve the 151 reward criterion. We did not, however, observe
age-related changes in session duration (x 2 = 0.16; p= 0.69), sug-
gesting that rats at different ages were equally motivated by the
reinforcer. Rats that were part of the longitudinal study and
began training at P25 required 2.26 0.25 sessions to achieve the
reward criterion in a single session. Because of the technical diffi-
culties experienced in the first operant training session in the
longitudinal study (described above, Materials and Methods),
the number of operant training sessions in the longitudinal study
was greater than that required in the cross-sectional study.

Reversal learning under the deterministic schedule of
reinforcement
The performance of rats under the deterministic schedule of
reinforcement was then examined (Table 1, general performance
measures). The relationship between age and sex, and the
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dependent measures collected in the cross-sectional study, were
examined with GLMs. Age, but not sex or the age � sex interac-
tion, explained a significant amount of variance in the number of
reversals rats were able to complete in the reversal-learning task
(x 2 = 19.93; p, 0.001; w = 0.71), as follows: as age increased
across rats, the number of reversals that rats were able to com-
plete in a single session increased (b = 0.018; 95% CI, 0.007–
0.028; x 2 = 8.72; p=0.003; Fig. 2A). This is not due to differences
in the number of trials that rats completed across these ages (age:
x 2 = 1.41; p= 0.24; w = 0.19; Fig. 2B) as age still explained a sig-
nificant amount of variance in the number of reversals rats per-
formed when the number of trials completed was included in the
model (age: x 2 = 7.42; p= 0.006; w = 0.43). Moreover, the age-
related increase in the number of reversals that rats were able to
complete was not due to differences in the ability of rats to ac-
quire the initial discrimination, as the number of trials required
to achieve the first reversal did not vary as a function of age (age:
x 2 = 0.10; p= 0.75; w = 0.05; Fig. 2C). The number of trials rats
required to reach the criterion following the change in reinforce-
ment probabilities, however, was significantly explained by age
(age: x 2 = 9.07; p=0.003; w = 0.48): as age increased across rats,
the number of trials required to reach the performance criterion
decreased (b = �0.76; 95% CI, �1.262 to �0.267; p=0.003; Fig.
2D). These results indicate that the ability to adjust their choices
in response to changes in the reinforcement contingencies
improved across adolescent development.

These age-related improvements in reversal performance may
be due to changes in the ability of rats to use positive and/or neg-
ative outcomes to guide their subsequent choice. To examine
this, the regression coefficients obtained with the logistic regres-
sion were compared between the ages. Similar to our previous
studies (Groman et al., 2018, 2020), rats had an overall tendency
to repeat their previous choices (e.g., regression coefficients were
.0), but the likelihood of repeating an unrewarded choice was
significantly lower than the likelihood that rats would repeat a
rewarded choice (Fig. 2E,F). The three-way and two-way interac-
tions between age, sex � trial lag were not significant factors for
the likelihood of rats staying with a rewarded choice (x 2 , 1.93;
p. 0.58), but the main effect of age was significant (x 2 = 4.68;
p=0.03; w = 0.34): as age increased across rats, the likelihood of
repeating a recently rewarded action increased (b = 0.0004; 95%
CI, �0.0009 to 0.0018; x 2 = 5.50; p= 0.02; Fig. 2E). Age, how-
ever, did not explain a significant amount of variance in the like-
lihood of rats staying with an unrewarded choice (x 2 = 1.31;
p=0.25; w = 0.18; Fig. 2F). Thus, the age-related improvements
in reversal performance were due, specifically, to greater value
updating after positive outcomes.

We then examined how performance in the deterministic re-
versal-learning task changed across adolescence when repeatedly
assessed in the same rats (Table 1). Similar to the results of the
cross-sectional study, sex and the age � sex interaction did not
explain a significant amount of variance in the average number
of reversals that rats completed in a single session (x2 , 0.85;
p. 0.35), but age did (x 2 = 98.37; p, 0.001; w = 2.22): the
number of reversals that rats completed in a single session
increased across adolescence (b = 0.03; 95% CI, 0.027–0.040; x 2

= 93.30; p, 0.001; Fig. 2G). As the number of reversals that rats
completed increased with age, the number of trials that rats
required to reach the reward criterion decreased with age (age:
x 2 = 54.32; p, 0.001; w = 1.65; Fig. 2H). When the number of
trials completed was included in the model, the effect of age still
remained a significant factor in explaining the number of rever-
sals rats performed (age: x 2 = 88.82; p, 0.001; w = 2.11). Unlike
the cross-sectional study, the number of trials required to achieve
the first reversal decreased with age (age: x 2 = 27.39; p, 0.001;
w = 1.17; Fig. 2I), suggesting that the ability to acquire or learn
the initial discrimination improved with repeated experience
in the reversal-learning task. This, however, did not fully explain
the age-related improvement in reversal performance, as age
remained a significant factor when the number of trials required
to achieve the first reversal was included in the model (age: x 2 =
25.32; p, 0.001; w = 1.13). Age was also a significant factor in
the model examining the number of trials that rats required to
achieve the second reversal (x 2 = 43.84; p, 0.001; w = 1.48;
Fig. 2J).

To determine whether the age-related increase in reversal per-
formance were linked to alterations in the influence of positive
and/or negative outcomes on choice behavior, the regression
coefficients obtained with the logistic regression were compared
across the ages. The sex � trial-lag � age three-way interaction
was not significant (x 2 = 4.13; p= 0.25; w = 0.45), but the trial-
lag � age interaction was significant (x 2 = 62.80; p, 0.001; w =
1.77). Post hoc analyses only revealed a significant effect of age at
trial t-1 (x 2 = 88.85; p, 0.001; w = 2.11); age was not a signifi-
cant predictor for the earlier trials in the past (e.g., t-2:t-4; x 2 ,
0.86; p. 0.35). This result indicates that age-related differences
in reward-guided behavior were not due differences in how out-
comes in the distant past were being integrated in action values.
The likelihood of rats staying with a rewarded choice increased
with age (x 2 = 59.44; p, 0.001; b = 0.0001; 95% CI, 0.0009–
0.0014) to a similar degree in both sexes (age � sex interaction:
x 2 = 0.02; p=0.88; w = 0.03; Fig. 2K). The likelihood of rats stay-
ing with an unrewarded choice, however, did not significantly
change with age (x 2 = 2.86; p= 0.09; w = 0.27; Fig. 2L).

Table 1. Performance measures of rats in the reversal-learning task under deterministic and probabilistic schedules of reinforcement

Deterministic schedule Probabilistic schedule

Study Age Weight (g) Total number of sessions Total trials completed Session duration (h) Total number of sessions Total trials completed Session duration (h)

Cross-sectional P30 58 6 2.4 3.0 6 0.00 966 6 71 6.56 6 0.98 3.00 6 0.00 1102 6 32 7.69 6 1.11
P50 221 6 9.3 3.18 6 0.18 950 6 68 8.58 6 1.09 3.00 6 0.00 1052 6 61 6.42 6 1.30
P70 357 6 29 5.29 6 0.78 1232 6 127 8.56 6 1.29 3.00 6 0.00 1062 6 73 6.21 6 1.68
P90 433 6 31 5.50 6 0.79 1268 6 133 7.66 6 1.14 3.08 6 0.08 1116 6 35 5.61 6 0.97

Longitudinal P30 55 6 4.1 3.75 6 0.40 1299 6 73 6.40 6 0.66 3.55 6 0.25 1197 6 47 5.49 6 0.65
P50 153 6 17 3.10 6 0.07 1125 6 36 4.13 6 0.56 3.30 6 0.18 1247 6 44 3.73 6 0.53
P70 N/A 3.65 6 0.20 1136 6 51 5.24 6 0.66 3.20 6 0.12 1147 6 32 4.19 6 0.60
P90 N/A 3.75 6 0.51 968 6 50 4.31 6 0.62 3.35 6 0.25 1122 6 51 4.96 6 0.69

Total number of sessions is the total number of sessions rats required to reach the reward criterion. Total trials completed is the total number of trials rats completed under each schedule. Session duration is the average
number of hours rats needed to reach the performance criterion. Values presented are mean 6 SEM. N/A, Not applicable.
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Reversal learning under a probabilistic schedule of
reinforcement
The performance of rats in the reversal-learning task under
probabilistic schedules of reinforcement was then examined
(Table 1). In the cross-sectional study, the number of reversals
that rats achieved in a single session increased with age (x 2 =
18.19; p, 0.001; w = 0.67) and similarly in both sexes (age �
sex: x 2 = 0.40; p=0.53; w = 0.10; Fig. 3A). This age-related
increase in the number of reversals completed was not due to dif-
ferences in the number of trials that rats completed (x 2 = 0.88;
p=0.35; w = 0.15; Fig. 3B) or in the number of trials rats
required to achieve the first reversal (x 2 = 0.02; p=0.90; w =
0.02; Fig. 3C). However, the effect of age was significant for the
number of trials that rats required to achieve the second reversal
(x 2 = 6.59; p=0.01; w = 0.41; Fig. 3D), suggesting that the
increase in reversal performance was specifically due to an
improvement in the ability of rats to adjust their choices follow-
ing the change in reinforcement contingencies. The logistic
regression analysis showed that the interaction between trial lag

and age was not significant (x 2 = 0.97; p= 0.81; w = 0.16), but
that age was a significant predictor for the likelihood of rats
repeating a rewarded choice (x 2 = 7.33; p=0.007; w = 0.43; Fig.
3E). Age, however, was not a significant predictor in the likeli-
hood of rats staying with an unrewarded choice (x 2 = 3.05;
p= 0.08; w = 0.28; Fig. 3F).

We then examined the performance of rats on the probabilis-
tic task in the longitudinal study (Table 1). Similar to the results
of the cross-sectional study, the number of reversals that rats
were able to achieve in a single session increased with age (x 2 =
22.38; p, 0.001; w = 1.06; Fig. 3G) and similarly in both sexes
(age � sex: x 2 = 2.79; p=0.10; w = 0.37). The number of trials
that rats required to achieve the reward criterion decreased with
age (x 2 = 6.75; p=0.009; w = 0.58; Fig. 3H), and age remained a
significant effect when the number of reversals rats performed
and the number of trials completed were included in the model
(x 2 = 24.02; p, 0.001; w = 1.10). This increase in reversal per-
formance was not driven by age-related changes in the ability of
rats to acquire a discrimination, as age did not explain a

Figure 2. A–L, Performance in the deterministic reversal-learning task in the cross-sectional study (A–F) and the longitudinal study (G–L). A, The relationship between age and the average
number of reversal rats completed in a single reversal-learning session. B, The relationship between age and the average number of trials required to achieve the reward criterion in a single
session. C, The relationship between age and the number of trials rats required to reach the first reversal (i.e., acquire the initial discrimination). D, The relationship between age and the num-
ber of trials rats required to reach the second reversal. E, The relationship between age and the sum of the regression coefficients for the “rewarded” predictor in the logistic regression model.
F, The relationship between age and the sum of the regression coefficients for the “unrewarded” predictor in the logistic regression model. G, The average number of reversals each rat com-
pleted in a single session at each of the four postnatal timepoints. H, The average number of trials required to achieve the reward criterion in a single reversal-learning session at each of the
four postnatal timepoints. I, The number of trials rats required to reach the first reversal at each of the four postnatal timepoints. J, The number of trials required to reach the second reversal
at each of the four postnatal timepoints. K, The sum of the regression coefficients for the rewarded predictor in the logistic regression model at each of the four postnatal timepoints. L, The
sum of the regression coefficients for the unrewarded predictor in the logistic regression model at each of the four postnatal timepoints. Black circles, Female; gray circles, male; dotted black
lines, female; solid gray lines, male; solid black line, average across sexes.
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significant amount of variance in the number of trials required
to achieve the first reversal (x 2 = 0.61; p=0.44; w = 0.17; Fig. 3I).
There was a nonsignificant, trend-level effect of age, however, in
explaining variance in the number of trials required to achieve
the second reversal (x 2 = 3.32; p=0.07; w = 0.41; Fig. 3J). This
did not achieve statistical significance, in part, because several
rats failed to reach criterion after the change in reinforcement
probabilities (N= 8) and were excluded from this analysis. The
analysis of regression coefficients from the logistic regression
model for rewarded outcomes did not detect a significant sex �
trial-lag� age interaction (x 2 = 1.12; p=0.77; w = 0.24), but did
detect a significant trial-lag � age interaction (x 2 = 100.99;
p, 0.001; w = 2.25). Post hoc analyses, however, only detect a
significant effect of age at trial lag 1 (t = 1, x 2 = 66.38; p, 0.001;
w = 1.82); age was not a significant predictor for the earlier trials
(t = 2;4, x 2 , 2.58; p. 0.10). The likelihood of rats staying
with a rewarded choice increased with age (x 2 = 32.68;
p, 0.001; w = 1.28; Fig. 3K) and was lower in females compared
with males (x 2 = 5.07; p= 0.02; w = 0.50). The likelihood of rats
staying with an unrewarded choice decreased with age (x 2 =

4.74; p=0.03; w = 0.49; Fig. 3L) with a trend-level differences
detected between the sexes (x 2 = 3.53; p=0.06; w = 0.42) in
which females were less likely to stay with an unrewarded choice
compared with males.

Reinforcement-learning processes underlying age-related
improvements in reversal learning
The age-related changes in reversal learning were remarkably
similar between the cross-sectional and longitudinal studies and
between the deterministic and probabilistic reinforcement sched-
ules. This suggests that age-related improvements in reversal
learning may be mediated by common reinforcement-learning
mechanisms in both studies. To examine this, choice data in the
deterministic and probabilistic reversal-learning task were fitted
with the four reinforcement-learning models (see Materials and
Methods). The BIC for each of these models was calculated for
individual rats, and the sum of these BIC values is presented in
Table 2 and Table 3. The BIC for the forgetting reinforcement-
learning model was consistently lower compared with all other
models at every age examined in the cross-sectional and

Figure 3. A–L, Performance in the probabilistic reversal-learning task in the cross-sectional study (A–F) and longitudinal study (G–L). A, The relationship between age and the average
number of reversals completed in a single reversal-learning session. B, The relationship between age and the average number of trials required to achieve the reward criterion in a single ses-
sion. C, The relationship between age and the number of trials required to reach the first reversal or to acquire the initial discrimination. D, The relationship between age and the number of tri-
als rats required to reach the second reversal. E, The relationship between age and the sum of the regression coefficients for the “rewarded” predictor in the logistic regression model. F, The
relationship between age and the sum of the regression coefficients for the “unrewarded” predictor in the logistic regression model. G, The average number of reversals completed in a single
session at each of the four postnatal timepoints. H, The average number of trials required to achieve the reward criterion in a single session at each of the four postnatal timepoints. I, The
number of trials required to reach the first reversal at each of the four postnatal timepoints. J, The number of trials required to reach the second reversal at each of the four postnatal time-
points. K, The sum of the regression coefficients for the rewarded predictor in the logistic regression model at each of the four postnatal timepoints. L, The sum of the regression coefficients
for the unrewarded predictor in the logistic regression model at each of the four postnatal timepoints. Black circles, Female; gray circles, male; dotted black lines, female; solid gray lines, male;
solid black line, average.
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longitudinal studies, indicating that the forgetting reinforce-
ment-learning model best fit the rat choice data. The parameter
estimates from this model (e.g., g , D1, and D0) were averaged
across the reinforcement schedules and compared across adoles-
cent age.

Age-related changes in the reinforcement-learning parame-
ters were first examined in the cross-sectional study. The three-
way interaction among sex � age � parameter was not signifi-
cant (x 2 = 1.29; p= 0.53; w = 0.18), but the age � parameter
two-way interaction was significant (x 2 = 15.58; p, 0.001; w =
0.62). Post hoc analyses revealed that as age increased across rats,
the g parameter decreased (x 2 = 5.09; p= 0.02; w = 0.36; Fig.
4A) and the D1 parameter increased (x 2 = 10.96; p=0.001; w =
0.52; Fig. 4B). The D0 parameter, however, did not significantly
change with age (x 2 = 1.79; p= 0.18; w = 0.21; Fig. 4C). We then
conducted a multiple regression analysis to determine whether
these parameter estimates explained unique portions of variance
in reversal performance. The D1 parameter was the only signifi-
cant predictor in the regression model, explaining 46% of the
variance in the number of reversals rats completed (F(1,38) =
32.86; p, 0.001; Fig. 4A–C, right panels).

We then examined age-related changes in the reinforcement-
learning parameters collected in the longitudinal study. The sex

� age � parameter three-way interaction was not significant (x 2

= 0.88; p=0.65; w = 0.21), but the age � parameter interaction
was significant (x 2 = 99.57; p, 0.001; w = 2.23). Post hoc analy-
ses indicated that all parameters changed with age: the D1 and
D0 parameters increased with age (x 2 . 27.70; p, 0.001), and
the g parameter decreased (x 2 = 87.17; p, 0.001; w = 2.09; Fig.
4D–F). We then conducted a nested regression analysis to deter-
mine whether the parameters explained unique portions of var-
iance in reversal performance. Only the g and D1 parameters
were significant predictors in the model, explaining 85% of the
variance in the number of reversals that rats completed (g pa-
rameter: x 2 = 46.28; p, 0.001; w = 1.52; D1 parameter: x 2 =
99.74; p, 0.001; w = 2.23; Fig. 4D–F, right panels).

These results, together, indicate that the increase in perform-
ance that was observed in both the cross-sectional and longitudi-
nal conditions was associated with age-related increases in value
updating after positive outcomes: the D1 parameter increased
with age in both experimental conditions and was correlated
with reversal performance.

Adolescent reversal-learning trajectories predict reversal
learning in adulthood
Individual differences in reversal-learning trajectories during
adolescence, which may be linked to specific neurodevelopmen-
tal mechanisms, could be predictive of reversal performance in
adulthood. To test this hypothesis, we continued to assess rever-
sal-learning performance of the longitudinal rats into adulthood
(P130, P150, and P170; Fig. 5A–C) and examined the predictive
relationship between reversal-learning trajectories in adolescent
and reversal-learning performance in adulthood.

First, we generated a correlation matrix of the relationships
among the number of reversals achieved at each of the seven test-
ing ages (Fig. 5B). The matrix revealed two distinct clusters: one
included performance at P30, P50, and P70, and another one
included P90, P130, P150, and P170. Indeed, a PCA revealed that
reversal performance at P30, P50, and P70 positively loaded onto
a single component that explained 24% of the variance. In con-
trast, reversal performance at P90, P130, P150, and P170 posi-
tively loaded onto a different component that explained 40% of
the variance. This suggests that reversal performance during
early adolescence was largely independent of reversal perform-
ance of the same animals in adulthood. We hypothesized that
although absolute reversal performance in adolescence was not
predictive of performance in adulthood (Fig. 5B), the degree of
change in reversal performance during early adolescence might
be. To test this, we calculated the slope between reversal per-
formance and adolescent age (e.g., P30, P50, and P70) for indi-
vidual rats and examined whether the slope of change in
adolescent reversal performance was predictive of reversal per-
formance in adulthood (e.g., P130, P150, and P170). Data col-
lected at P90 were excluded from this analysis because this age in
the rat is at the boundary between late adolescence and young
adulthood. Nevertheless, the same pattern of results was
observed when data at P90 were included in the analysis. There
was a positive relationship between these variables (R2 = 0.30;
p= 0.02; Fig. 5C), indicating that the rate of improvement in re-
versal performance during adolescence was predictive of reversal
performance in adulthood. We also conducted a median-split
based on whether the slope of change during adolescence was
small or large and examined whether age-related changes in re-
versal performance differed between the two groups. As pre-
dicted, the age � group interaction was significant (x 2 = 5.42;
p= 0.02; w = 0.52): post hoc analyses indicated that significant

Table 2. Comparison of reinforcement-learning model fits for choice behavior
under the deterministic schedule of reinforcement

Age

Forgetting
reinforcement
learning
model

Forgetting
reinforcement
learning
without the
D0 parameter

Q-learning
model
with one
learning
rate

Q-learning
model
with two
learning
rates

Cross-sectional P30 18,363 19,703 20,098 19,842
P50 20,429 21,186 21,430 20,638
P70 11,688 12,365 12,556 12,330
P90 21,504 22,611 23,351 23,238

Longitudinal P30 41,666 43,910 45,432 44,975
P50 39,581 42,054 44,154 43,638
P70 31,121 32,380 34,288 33,868
P90 29,678 30,572 32,925 32,782
P130 28,776 29,646 32,037 31,764
P150 23,109 23,285 25,224 24,938
P170 23,575 23,814 26,244 25,878

Values presented are the sum of the BIC. Bold values are those with the lowest BIC.

Table 3. Comparison of reinforcement-learning model fits for choice behavior
under the probabilistic schedule of reinforcement

Age

Forgetting
reinforcement
learning
model

Forgetting
reinforcement
learning
without the
D0 parameter

Q learning
model with
one learning
rate

Q learning
model with
two learning
rates

Cross-sectional P30 17,056 17,490 18,429 17,779
P50 20,197 21,469 23,334 21,667
P70 12,698 13,143 15,002 13,618
P90 23,629 24,226 26,378 25,083

Longitudinal P30 40,206 41,340 45,013 42,970
P50 44,004 45,458 49,861 47,510
P70 39,248 40,262 43,978 43,612
P90 37,043 37,690 41,346 40,660
P130 34,511 34,840 37,841 37,375
P150 33,139 33,276 36,046 35,992
P170 33,320 33,313 35,829 35,745

Values presented are the sum of the BIC. Bold values are those with the lowest BIC.
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differences (p, 0.05) were observed between the groups at P70
and throughout adulthood (Fig. 5D).

Next, the choice data collected in adulthood were analyzed
with the forgetting reinforcement-learning model and a similar
analysis was conducted for each of the three parameter estimates
derived from this model. We first examined age-related changes
in the g parameter (Fig. 5E). The correlation matrix for the g
parameter revealed a pattern strikingly similar to that observed
in the number of reversals achieved (Fig. 5F): the g parameter
estimates at P30, P50, and P70 were strongly related to each
other, as was the g parameter estimates collected at P90, P130,
P150, and P170. The g parameter estimates in adolescence, how-
ever, were not related to those in adulthood. A PCA confirmed
this segregation: g parameter estimates at P30, P50, and P70
uniquely loaded onto one component, explaining 44% of the var-
iance, whereas the g parameter estimate at P90, P130, P150, and
P170 loaded onto a different component that explained 29% of
the variance. We then calculated the slope of change in the g pa-
rameter during adolescence and examined the relationship
between the g parameter slope and g parameter in adulthood.

Unlike reversal performance, the slope of change in the g pa-
rameter during adolescence did not predict the g parameter in
adulthood (R2 = 0.008; p= 0.73; Fig. 5G). Moreover, the degree
of change in the g parameter during adolescence did not predict
reversal performance in adulthood (R2 = 0.16; p= 0.12; Fig. 5H).

We then examined age-related changes in the D1 parameter
(Fig. 5I). The correlation matrix for the D1 parameter indicated
that the D1 parameter estimates collected at P30, P50, and P70
were strongly related to one another, as were the D1 parameter
estimates collected at P90, P130, P150, and P170. However, the
D1 parameter estimates in adolescence were not correlated with
those in adulthood (Fig. 5J). A PCA confirmed this segregation,
indicating that the D1 parameter estimates at P30, P50, and P70
uniquely loaded onto one component that explained 29% of the
variance, whereas the D1 parameter estimates at P90, P130,
P150, and P170 loaded onto a different component that
explained 47% of the variance. We then examined the relation-
ship between the slope of change in the D1 parameter during
adolescence with the D1 parameter estimates in adulthood. The
degree of change in the D1 parameter during adolescence

Figure 4. A–F, Age-related changes in reinforcement-learning processes in the cross-sectional study (A–C) and longitudinal study (D–F). A, Left, The relationship between age and the g
parameter. Right, The relationship between the average number of reversals achieved in the deterministic and probabilistic reversal-learning task and individual differences in the g parameter.
B, Left, The relationship between age and the D1 parameter. Right, The relationship between the average number of reversals achieved in the deterministic and probabilistic reversal-learning
task and individual differences in the D1 parameter. C, Left, The relationship between age and the D0 parameter. Right, The relationship between the average number of reversals achieved
in the deterministic and probabilistic reversal-learning task and individual differences in the D0 parameter. D, Left, The g parameter estimate at each of the four postnatal timepoints. Right,
The relationship between the average number of reversals achieved in the deterministic and probabilistic reversal-learning task and individual differences in the g parameter. E, Left, The D1

parameter estimate at each of the four postnatal timepoints. Right, The relationship between the average number of reversals achieved in the deterministic and probabilistic reversal-learning
task and individual differences in the D1 parameter. F, Left, The D0 parameter estimate at each of the four postnatal timepoints. Right, The relationship between the average number of
reversals achieved in the deterministic and probabilistic reversal-learning task and individual differences in the D0 parameter. Black circles, Female; gray circles, male; dotted black lines, female;
solid gray lines, male; solid black line, average.
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predicted the D1 parameter estimate in adulthood (R2 = 0.21;
p=0.05; Fig. 5K): rats who had a more significant increase in the
D1 parameter in adolescence had a larger D1 parameter in
adulthood. Moreover, the degree of change in the D1 parameter
during adolescence was correlated with the degree of change in
reversal performance (e.g., the number of reversals completed)
during adolescence (R2 = 0.34; p= 0.009) and reliably predicted
reversal performance in adulthood (R2 = 0.31; p=0.02; Fig. 5L).
These data suggest that improvements in value updating after

positive outcomes during adolescence predicted individual dif-
ferences in reversal performance in adulthood.

Finally, age-related changes in the D0 parameter were exam-
ined (Fig. 5M). The correlation matrix for the D0 parameter did
not segregate age groups as clearly as observed with the g and
D1 parameters (Fig. 5N). The PCA identified three, rather than
two, significant components that segregated into three distinct
age groups: the D0 parameter at P30 and P50 positively loaded
onto component 2 (explaining 26% of the variance); the D0

Figure 5. Adolescent reversal-learning trajectories predict individual differences in reversal-learning performance in adulthood. A, The average number of reversals rats achieved in a single
session across the seven postnatal timepoints. B, A matrix of Pearson’s correlation coefficients for the number of reversals achieved at each of the postnatal timepoints. Lighter boxes indicate a
large, positive correlation; darker boxes indicate a small, negative correlation. C, The relationship between the slope of change in the number of reversals achieved between P30 and P70 and
the average number of reversals achieved between P130 and P170. D, The number of reversal rats achieved in rats that a small slope (gray line) compared with a large slope (black line) in ado-
lescence. E, The g parameter estimate across the seven postnatal timepoints. F, A matrix of Pearson’s correlation coefficients for the g parameter at each of the postnatal timepoints. G, The
relationship between the slope of change in the g parameter between P30 and P70 and the average g parameter estimate between P130 and P170. H, The relationship between the slope
of change in the g parameter between P30 and P70 and the average number of reversals achieved between P130 and P170. I, The D1 parameter estimate across the seven postnatal time-
points. J, A matrix of Pearson’s correlation coefficients for the D1 parameter at each of the postnatal timepoints. K, The relationship between the slope of change in the D1 parameter
between P30 and P70 and the average D1 parameter estimate between P130 and P170. L, The relationship between the slope of change in the D1 parameter at P30 and P70 and the aver-
age number of reversals achieved between P130 and P170. M, The D0 parameter estimate across the seven postnatal timepoints. N, A matrix of Pearson’s correlation coefficients for the D0 pa-
rameter at each of the postnatal timepoints. O, The relationship between the slope of change in the D0 parameter between P30 and P70 and the average D0 parameter estimate between
P130 and P170. P, The relationship between the slope of change in the D0 parameter between P30 and P70 and the average number of reversals achieved between P130 and P170.
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parameter at P70, P90, and P130 loaded onto component 1
(explaining 37% of the variance); and the D0 parameter at P150
and P170 loaded onto components 1 and 3 (explaining 15% of
the variance). Nevertheless, we performed the same analysis as
we did for the g and D1 parameters. The degree of change in the
D0 parameter during adolescence did not predict the D0 parame-
ter estimate in adulthood (R2 = 0.21; p=0.05; Fig. 5O) or reversal
performance in adulthood (R2 = 0.06; p=0.31; Fig. 5P). These
results, collectively, indicate that selective improvements in value
updating after positive outcomes during adolescence are predic-
tive of reversal performance in adulthood.

Discussion
The findings from the present study provide new evidence that
age-related improvements in adaptive choice behavior assessed
in a reversal-learning task are linked to changes in select rein-
forcement-learning processes. The number of reversals that rats
completed under deterministic and probabilistic schedules of
reinforcement increased across adolescent development in both
male and female rats, and this change was due to improvements
in value updating after positive outcomes. Moreover, the rate of
increase in reversal performance during adolescence is predictive
of reversal performance in adulthood. Our findings provide a
novel framework for subsequent neurobiological studies aimed
at understanding the molecular and systems-level neurodevelop-
mental mechanisms underlying adaptive choice behavior.

Performance in the reversal-learning task increases during
adolescence
The age-related improvement in reversal-learning performance
observed in the present study is consistent with those previously
observed in humans (van der Schaaf et al., 2011). We found that
the ability to adjust choice behavior in response to changes in
reinforcement contingencies increased between postnatal days
30 and 90 in both the cross-sectional and longitudinal studies.
These improvements were not specific to the schedule of rein-
forcement used, nor were they explained by differences in the
ability of rats to acquire the initial discrimination. This indicates
that the age-related changes in reversal performance were due
specifically to improvements in the ability of rats to adjust their
behavior following a change in reinforcement contingencies. The
magnitude of change in reversal performance during adolescence
was greater in rats that had been repeatedly tested compared
with those in the cross-sectional study. Nevertheless, we also
observed a strong relationship between age and reversal perform-
ance in rats not repeatedly tested on the reversal-learning task,
suggesting that the age-related changes in reversal performance
are likely linked to neurodevelopmental alterations that occur
during this developmental period.

Our computational approach revealed that the age-related
changes in reversal performance were due to improvements in
value updating for positive outcomes: rats were more likely to
use positive outcomes to guide their subsequent choices as they
aged. This finding is consistent with data in humans showing
that adolescents are less likely than adults to repeat a rewarded
action (Javadi et al., 2014). Age-related changes in negative-out-
come updating were not consistent between cross-sectional and
longitudinal studies: no relationship was observed between age
and the D0 parameter in the cross-sectional study, but we
observed a significant increase in the D0 parameter in the longi-
tudinal study. This might suggest that value updating for nega-
tive outcomes might change with experience in the task and/or

emerges later in development. Moreover, we did not observe a
consistent effect of sex in our analyses; the only statistically sig-
nificant effect of sex was observed in the longitudinal study
under the probabilistic schedule of reinforcement. We found
that female rats were less likely to repeat a previous choice,
regardless of the outcome. Recent work has suggested that male
and female mice use different strategies in a two-choice visual
discrimination paradigm (Chen et al., 2020), so it is possible that
the subtle sex differences observed here may be reflective of sex-
dependent differences in learning strategies.

We also observed an age-related decline in the retention, or
decay, of action values (e.g., g parameter) in both the cross-sec-
tional and longitudinal studies, indicating that as rats aged,
choice behavior was more influenced by choices and outcomes
from recent trials than by those in the distant past. Interestingly,
variation in the g parameter estimate explained a significant
amount of variance in reversal performance only in the longitu-
dinal study, but not in the cross-sectional study. This discrepancy
between the two studies might be accounted for by differences in
meta-learning, or learning when to learn (Doya, 2002; Soltani et
al., 2006). Meta-learning is hypothesized to be the mechanism by
which model-free reinforcement-learning mechanisms can be
adjusted for adapting to new environments or contexts (Wang et
al., 2016). Repeated experience with the reversal-learning para-
digm may recruit meta-learning mechanisms that would not
have been engaged with limited experience. The influence of the
g parameter on reversal performance in the longitudinal study
and not in the cross-sectional study might, therefore, reflect
meta-learning.

Age-related changes in reversal-learning performance during
adolescence may enable an organism to learn about the environ-
ment and then to exploit this knowledge to obtain food and/or
access to reproductive opportunities (Kelley et al., 2004;
McCormick and Telzer, 2017). Our data indicate that during
early adolescence rats were more likely to switch their choices
following a positive outcome (i.e., a lower D1 parameter), sug-
gesting that they were not using the rewarded outcome to guide
their choice behavior, as was observed in older rats. Although
our previous work has indicated that disruptions in positive
value updating are a risk factor for drug use in adult rats
(Groman et al., 2020), a lower D1 parameter in younger rats
may be adaptive. Adolescence is period associated with greater
exploratory and novelty-seeking behaviors (Kelley et al., 2004;
Forbes and Dahl, 2010), which may help juveniles to develop
skills for independence and survival in the absence of the parent
(Kelley et al., 2004). The age-related change in the D1 parameter
that we observed in the current study may, therefore, reflect de-
velopmental changes in exploration–exploitation trade-off that
has been observed in adolescent humans (Somerville et al.,
2017).

Neurodevelopment and decision-making in adolescence
The brain undergoes morphologic and functional transforma-
tions during adolescence (Casey et al., 2008; Spear, 2013).
Human neuroimaging studies have observed changes in struc-
ture, function, and connectivity during adolescence (Giedd et al.,
1999; Sowell et al., 1999; Thompson et al., 2001; Toga et al., 2006;
Lenroot et al., 2007; Ernst et al., 2015; Karlsgodt et al., 2015;
Stevens, 2016) that appear to parallel the time course of decision-
making improvements (van der Schaaf et al., 2011). The rate of
change, however, varies across brain regions, and the develop-
mental mismatch between subcortical and cortical maturation
has been proposed to underlie the increase in risky behaviors
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and poor decision-making that are typically observed in adoles-
cents (Casey et al., 2008, 2016; Mills et al., 2014).

One of the last regions to mature during adolescence is the
orbitofrontal cortex (OFC), a region critically involved in reversal
learning (Schoenbaum et al., 2003; Rudebeck and Murray, 2008;
Walton et al., 2010; Rudebeck et al., 2017) and reinforcement
learning (Kennerley and Wallis, 2009; Sturman and Moghaddam,
2011; Massi et al., 2018; Costa and Averbeck, 2020). Our recent
work using a reversal-learning paradigm has demonstrated that
select reinforcement-learning mechanisms are controlled by ana-
tomically distinct orbitofrontal circuits (Groman et al., 2019),
which are known to mature during adolescence (Asato et al.,
2010; Ladouceur et al., 2012; Karlsgodt et al., 2015). Individual
differences in reversal-learning trajectories during adolescence
may be linked to differences in the maturation of specific neural
circuits (Asato et al., 2010; Ladouceur et al., 2012; Karlsgodt et al.,
2015; Anandakumar et al., 2018; Gee et al., 2018). Based on our
previous work (Groman et al., 2019), we hypothesize that the
increase in positive value updating observed here is linked to de-
velopmental changes in the amygdala–OFC circuitry observed in
human neuroimaging studies (Gee et al., 2013).

In addition to the circuit-based changes, many neurotrans-
mitter systems also transform during adolescence (Wahlstrom et
al., 2010; Pitzer, 2019). For example, the density of dopamine D1

and D2 receptors peaks during early adolescence and then rap-
idly declines (Teicher et al., 1995; Andersen et al., 2000). We and
others have found that the variation in dopaminergic markers is
related to reversal-learning performance in adult humans and
monkeys (Clatworthy et al., 2009; Cools et al., 2009; Groman et
al., 2011, 2016). It is possible, therefore, that the age-related alter-
ations in reversal learning observed in the current study are due
to the maturation of the dopamine system. Indeed, adolescent
rats have lower dopamine availability in the dorsal striatum
(Matthews et al., 2013) and reduced reward-mediated signaling
in putative midbrain dopamine neurons (Kim et al., 2016) that
are likely to be involved in the age-related changes in positive
value updating.

Implications for neurodevelopmental mechanisms of mental
illness
The peak onset age for many mental disorders is adolescence
(Chambers et al., 2003; Paus et al., 2008), and these symptoms
might emerge as a result of deviations in the normal develop-
mental changes during this period. Previous work has demon-
strated that reversal learning is disrupted in adults with mental
illness (Fillmore and Rush, 2006; Waltz and Gold, 2007;
Chamberlain et al., 2008). However, the latent behavioral factors
contributing to maladaptive reversal performance may differ
between disorders and involve distinct neural mechanisms that
develop during adolescence. Identifying the neurobiological
adaptations underlying alterations in reversal-learning perform-
ance during adolescence could provide critical insights into the
pathology of these disorders.

Summary
Our behavioral protocol provides a unique platform for probing
the neurodevelopmental mechanisms underlying adaptive choice
behavior in normal and pathologic states. We provide insights
into how reinforcement-learning mechanisms change in adoles-
cent development and into adulthood, and show evidence that
adolescent reversal-learning trajectories can predict reversal-
learning performance in adulthood. The use of our translationally
analogous reversal-learning task and computational approaches

combined with sophisticated neurobiological techniques in
rodent models could elucidate key components of adolescent
brain function.
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