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Significance statement 24 

The neurodevelopmental adaptations that occur during adolescence are hypothesized 25 

to underlie age-related improvements in decision-making, but evidence to support this 26 

hypothesis has been limited. Here, we describe a novel behavioral protocol for rapidly 27 

assessing adaptive choice behavior in adolescent rats with a reversal-learning 28 

paradigm. Using a computational approach, we demonstrate that age-related changes 29 

in reversal-learning performance in male and female Long Evans rats are linked to 30 

specific reinforcement-learning mechanisms and predictive of reversal-learning 31 

performance in adulthood. Our behavioral protocol provides a unique platform for 32 

elucidating key components of adolescent brain function.     33 

 34 

  35 
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Abstract 36 

 The most dynamic period of postnatal brain development occurs during 37 

adolescence, the period between childhood and adulthood. Neuroimaging studies have 38 

observed morphological and functional changes during adolescence, and it is believed 39 

that these changes serve to improve the functions of circuits that underlie decision 40 

making. Direct evidence in support of this hypothesis, however, has been limited 41 

because most preclinical decision-making paradigms are not readily translated to 42 

humans. Here, we developed a reversal-learning protocol for the rapid assessment of 43 

adaptive choice behavior in dynamic environments in rats as young as postnatal day 30. 44 

A computational framework was used to elucidate the reinforcement-learning 45 

mechanisms that change in adolescence and into adulthood. Using a cross-sectional 46 

and longitudinal design, we provide the first evidence that value-based choice behavior 47 

in a reversal learning task improves during adolescence in male and female Long Evans 48 

rats and demonstrate that the increase in reversal performance is due to alterations in 49 

value updating for positive outcomes. Furthermore, we report that reversal-learning 50 

trajectories in adolescence reliably predicted reversal performance in adulthood. This 51 

novel behavioral protocol provides a unique platform for conducting biological and 52 

systems level analyses of the neurodevelopmental mechanisms of decision making.  53 

.     54 

 55 

  56 
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Introduction 57 

Adolescence is the period of development between childhood and adulthood 58 

during which individuals experience increased demands on self-guided decision making 59 

than those experienced during childhood (Blakemore and Robbins, 2012). Many of 60 

these decisions occur under risky or ambiguous situations and can be associated with 61 

severe negative outcomes, such as illicit substance use, engaging in risky sexual 62 

behaviors, and reckless driving (Chambers et al., 2003; Kann et al., 2016). Empirical 63 

studies have reported that adolescents perform worse compared to adults in laboratory 64 

tasks of decision making (Gardner and Steinberg, 2005; van der Schaaf et al., 2011; 65 

Christakou et al., 2013; Barkley-Levenson and Galván, 2014; Decker et al., 2016; 66 

Anandakumar et al., 2018), but the mechanisms underlying theses age-related changes 67 

in behavior are not known.    68 

Decisions are guided by action values generated in the brain through multiple 69 

computational steps based on previous actions and outcomes (Sutton and Barto, 1998; 70 

Dayan and Daw, 2008; Niv, 2009; Lee, 2013). Reinforcement-learning algorithms have 71 

been used to quantify the degree to which specific computational steps influence choice 72 

and there is considerable interest in the use of these models for advancing our 73 

understanding of the developmental mechanisms underlying decision making (Hartley 74 

and Somerville, 2015; Nussenbaum and Hartley, 2019). Recent studies have found that 75 

when compared to adults, adolescents show a stronger tendency to learn more from 76 

rewards than punishment (Palminteri et al., 2016), and also have lower learning rates 77 

(Van Den Bos et al., 2012; Davidow et al., 2016), altered prediction error encoding 78 

(Hauser et al., 2015), and increased exploratory behaviors (Christakou et al., 2013). 79 
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Age-related changes in these reinforcement-learning processes may explain, in part, 80 

why adolescence is a period associated with risky behavior and poor decision making.              81 

Identifying the precise mechanisms underlying age-related changes in decision 82 

making could provide critical insights into neurodevelopmental mechanisms mediating 83 

mental illness (Chambers et al., 2003; Schneider, 2013; Hartley and Somerville, 2015; 84 

Simon and Moghaddam, 2015). Decision making is impaired in individuals with many 85 

mental disorders (Ersche et al., 2008; McKirdy et al., 2009; Ghahremani et al., 2011; 86 

Schlagenhauf et al., 2014; Reddy et al., 2016) and symptoms of mental illness emerge 87 

during adolescence (Kessler et al., 2007; Paus et al., 2008). Nevertheless, elucidating 88 

the biological correlates of decision making during adolescence presents a major 89 

challenge as this developmental period is extremely short in rodents (Schneider, 2013) 90 

and most translationally analogous decision-making tasks require rats to be trained for 91 

several weeks (Mitchell et al., 2014; Groman et al., 2018). Moreover, decision-making 92 

tasks that work well in adults often do not work well in juveniles and thus limit the ability 93 

to collect repeated assessments throughout the lifespan of a subject. Therefore, linking 94 

rapid neurodevelopmental and behavioral changes has been difficult.   95 

The goal of the current study was to rapidly assess adaptive choice behavior 96 

using a novel reversal-learning task at distinct adolescent timepoints and into adulthood 97 

in rats. Employing both cross-sectional and longitudinal designs, we trained rats to 98 

acquire and reverse in a three-choice reversal-learning paradigm (Groman et al., 2018) 99 

at four distinct adolescent ages (postnatal day 30, 50, 70 and 90). We also examined 100 

whether improvements in reversal-learning performance during adolescence predicted 101 

performance of the same rats in adulthood (postnatal day 130, 150, and 170). The 102 
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cross-sectional and longitudinal studies in rats presented here used a computational 103 

approach to identify the precise reinforcement-learning mechanism(s) underlying these 104 

age-related improvement in reversal-learning performance. 105 

  106 
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Methods and materials 107 

Animals 108 

Male and female Long Evans rats (N=60; 31 M/ 29 F) were bred in house using 10 109 

breeding pairs. Rats were weaned at postnatal day (PND) 21 and housed in standard 110 

laboratory cages on a 12-h light/dark cycle in a vivarium (lights on at 7am). Animals had 111 

ad libitum access to water and food until behavioral testing began. All experimental 112 

procedures were performed as approved by the Institutional Animal Care and Use 113 

Committee at Yale University and according to NIH and institutional guidelines and the 114 

Public Health Service Policy on Humane Care and Use of Laboratory Animals. 115 

 Rats were assigned to participate in either a cross-sectional study (N=40; 21 M/ 116 

19 F; Figure 1A, left) or a longitudinal study (N=20; 10 M / 10 F; Figure 1A, right). 117 

Animals at different ages in the cross-sectional study underwent a single round of 118 

testing on the reversal-learning task (described below). In contrast, animals in the 119 

longitudinal study were repeatedly tested at different ages on the reversal-learning task. 120 

This combination of studies enabled us to determine if reversal-learning performance 121 

changed with age and/or experience, and to quantify trajectories of reversal-learning 122 

performance during adolescence. The transition age from childhood, adolescence, and 123 

adulthood in the rat are not well defined in the rat (Schneider, 2013; Sengupta, 2013), 124 

so we assessed reversal-learning performance at different ages that spanned the entire 125 

developmental period (cross-sectional and longitudinal studies: PND = 30, 50, 70 and 126 

90) and into adulthood (longitudinal study: PND = 130, 150, and 170).          127 

 128 

 129 
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Apparatus: 130 

All behavioral testing was performed in standard aluminum and Plexiglas operant 131 

conditioning chambers. These chambers were equipped with a photocell pellet-delivery 132 

magazine and a curved panel with five photocell-equipped noseports on the opposite 133 

side (Med Associates Inc., VT). Chambers were housed inside of sound-attenuating 134 

cubicles, with background white noise being broadcast.  135 

  136 

Operant training 137 

Cross-sectional study: Rats in the cross-sectional study were exposed to 10% 138 

sweetened condensed milk (SCM; % V/V, water) at either PND 25, 45, 65, or 85 in a 139 

single 2 h session within their home cage. The following day, food was removed 12 h 140 

before rats were trained to make an operant response to receive a reward (60 ul of 10% 141 

SCM solution) in 12 h overnight sessions. Rats initiated trials by making a response into 142 

an illuminated magazine. A single noseport aperture located on the opposite panel was 143 

illuminated and responses into the illuminated noseport resulted in the delivery of 144 

reward into the magazine. Sessions terminated when rats had earned 151 rewards or 145 

720 mins (e.g., 12 h) had elapsed, whichever occurred first. This reward criterion, rather 146 

than a trial criterion, was used to minimize differences in satiation set points that likely 147 

exist between adolescent and adult rats. If rats did not obtain 151 rewards in a single, 148 

overnight session, the operant training session was repeated the following day(s) until 149 

the performance criterion was met.  150 

 151 
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Longitudinal study: Rats included in the longitudinal study were exposed to 10% 152 

sweetened condensed milk at PND 25 in a single 2 h session within their home cage. 153 

The following day, food was removed 12 h before rats were trained to make an operant 154 

response to receive a reward (60 ul of 10% SCM solution) in 12 h overnight sessions. 155 

Rats initiated trials by making a response into an illuminated magazine. A single 156 

noseport aperture located on the opposite panel was illuminated and responses into the 157 

illuminated noseport resulted in the delivery of reward into the magazine. Sessions 158 

terminated when rats had earned 151 rewards or 720 mins had elapsed, whichever 159 

occurred first. If rats did not obtain 151 rewards in a single, overnight session, the 160 

operant training session was repeated the following day(s) until the performance 161 

criterion was met. There were technical difficulties during the first operant training 162 

session: a subset of rats removed a barrier that was placed between the grid floor and 163 

operant wall, and climbed underneath the wire grid floors at some point during the 164 

session. The number of operant sessions that rats required to reach criterion, therefore, 165 

was slightly greater in the longitudinal study compared to that in the cross-sectional 166 

study (see Results).   167 

   168 

Deterministic and probabilistic reversal learning  169 

 Once operant responding had been established, the ability of rats to acquire and 170 

reverse deterministically reinforced three-choice, spatial discrimination problems was 171 

assessed in three consecutive, overnight sessions (Figure 1B). A response into the 172 

magazine resulted in the illumination of three noseport apertures and rats could respond 173 

to any of the illuminated noseports to earn a deterministically delivered reward (Figure 174 
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1C). One noseport was randomly assigned to deliver reward while the other two were 175 

assigned to not deliver reward by a computer program at the start of each session. 176 

When rats met a performance criterion (21 choices on the highest reinforced noseport in 177 

the last 30 trials), the assignments reversed: the reinforced noseport (100%) was now 178 

assigned to not deliver reward (0%), while one of the unreinforced noseports was now 179 

assigned to deliver reward (100%). These reinforcement probabilities remained 180 

unchanged until the performance criterion was once again met, after which the 181 

reinforcement probabilities reversed again between the reinforced noseport and one of 182 

the unreinforced noseports. Each time the performance criterion was met, these 183 

assignments reversed. The occurrence of a reversal was, therefore, contingent upon 184 

the performance of the rat. Sessions terminated when rats earned 151 rewards or 720 185 

min had elapsed. Rats completed three sessions using this deterministic schedule of 186 

reinforcement. If rats failed to earn 151 rewards in a single session, that session was 187 

repeated the following day.  188 

 The ability of rats to acquire and reverse probabilistically reinforced three-choice 189 

spatial discrimination problems was then assessed in three consecutive, overnight 190 

sessions. Each noseport aperture was randomly assigned to deliver reward with a 191 

probability of 70%, 30% or 10% by the program at the start of each session (Figure 1D). 192 

When rats met a performance criterion (21 choices on the highest reinforced noseport in 193 

the last 30 trials), the probabilities reversed: the most frequently reinforced noseport 194 

(70%) was now assigned to deliver reward with a lower probability (e.g., 30% or 10%), 195 

and one of the less frequently reinforced noseports (30% or 10%) was now assigned to 196 

deliver reward with the highest probability (70%). Sessions terminated when rats 197 
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received 151 reward or 720 min had elapsed, whichever occurred first. If rats failed to 198 

earn 151 rewards in a single session, that session was repeated. 199 

 Once rats completed the third session under the probabilistic schedule of 200 

reinforcement, rats in the cross-sectional study were euthanized and tissue collected for 201 

future post-mortem analyses (not reported here). Rats in the longitudinal study were 202 

returned to the vivarium and given ad libitum access to food. They remained 203 

undisturbed until they had reached the next testing age (e.g., PND 50, 70, 90, 130, 150 204 

and 170).     205 

 206 

Data analyses 207 

Logistic regression: Age-related changes in outcome-based learning could be due to 208 

variation in how rats use rewarded and unrewarded outcomes to guide their choices. To 209 

test this rigorously, choice behavior of rats was analyzed by fitting the following logistic 210 

regression model that estimated the likelihood of repeating the same choice as in each 211 

of the 4 previous trials according to whether the previous trial was rewarded or not. 212 

Namely,  213 

ln ( )1 − ( ) = + ( − ) +  ( − )  
where Px(t) denotes the probability that in trial t, the rat would make the same noseport 214 

choice, x, that could have been made in each of the last 4 trials (  = 1 to 4). ( ) and  215 ( ) indicate whether the rat’s choice of the target x in trial t was rewarded or not 216 

according to the following convention: ( )= 1 if the choice of x in trial t was rewarded, 217 

0 if the choice in trial t was unrewarded, and -1 if the animal chose the target other than 218 

x in trial t and was rewarded; ( )= 1 if the choice of x in trial t was unrewarded, 0 if the 219 
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choice in trial t was rewarded, and -1 if the animal chose the target other than x in trial t 220 

and was rewarded. For example, if the animal’s choices in the last 4 trials and their 221 

outcomes were NP1 rewarded (t-1), NP2 unrewarded (t-2), NP3 rewarded (t-3), and 222 

NP2 rewarded (t-4), then the values of the regressors included in the above logistic 223 

regression model for NP1 would be = 1, 0, -1, -1, and = 0, -1, 0, 0, for  = 1, 2, 3, 4, 224 

respectively. Three separate logistic regressions were performed for each of the three 225 

noseport choices and all the regression coefficients for each of the three choices 226 

averaged separately for regressors corresponding to rewarded and unrewarded 227 

choices. Positive coefficients for the rewarded and unrewarded predictors indicate that 228 

rats are more likely to persist with the same choice, whereas negative regression 229 

coefficients indicate that rats are more likely to switch their choice.  230 

 231 

Reinforcement-learning model: Reinforcement-learning models predict that choices are 232 

based on outcomes from different actions that incrementally accrue over many trials. To 233 

investigate age-related changes in specific reinforcement-learning processes, choice 234 

data were fit with a forgetting reinforcement-learning model (Barraclough et al., 2004; Ito 235 

and Doya, 2009; Groman et al., 2016, 2018). This model was fit using 100 different 236 

initial parameter values with starting action values Qx(1) = 0 for all actions (x=NP1, NP2, 237 

NP3). The value updating for this model is as follows:  238  ( ) = , ( + 1) =  ( ) +  ∆( )  ( ) ≠ , ( + 1) =  ( ) 

where the decay rate  determines how quickly the action value decays and ∆(t) 239 

indicates the change in the action value depending on the outcome in trial t. If the 240 
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outcome of the trial was rewarded, then the value function of the chosen port was 241 

updated by ∆(t)= ∆+, the reinforcing strength of reward. If the outcome of the trial was 242 

not rewarded, then the value function of the chosen port was updated by ∆(t)= ∆0, the 243 

aversive strength of no reward. Choice probability was calculated according to a 244 

softmax function and trial-by-trial choice data fit with these three parameters (e.g., , ∆+, 245 

and ∆0) selected to maximize the likelihood of each rat’s sequence of choices using the 246 

fminsearch function in MATLAB (2018a).   247 

 We also compared the fit of the forgetting reinforcement-learning model to three 248 

other reinforcement-learning models: (1) the same reinforcement-learning model 249 

described above but with the exclusion of the ∆0 parameter as this parameter did not 250 

change during adolescence, (2) a Q-learning algorithm that contained a single learning 251 

rate parameter ( ) and the inverse temperature parameter ( ) (Ito and Doya, 2009), and 252 

(3) a Q-learning algorithm that contained two learning parameters – one for positive 253 

outcomes ( _g) and one for negative outcomes ( _l) – and the inverse temperature 254 

parameter ( ) (Frank et al., 2004). The value updating for these models are as follows: 255 

Differential forgetting without the ∆0 parameter: 256  ( ) =   ( ) = 1, ( + 1) =  ( ) +  Δ   ( ) =   ( ) = 0, ( + 1) =  ( )  ( ) ≠ , ( + 1) =  ( ) 

Q learning with a single learning rate:  257  ( ) = , ( + 1) =  ( ) + ( ( ) − ( ))   ( ) ≠ , ( + 1) =  ( ) 

Q learning with two learning rates:  258 
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 ( ) =   ( ) = 1, ( + 1) =  ( ) + (1 − ( ))   ( ) =   ( ) = 0, ( + 1) =  ( ) + (0 − ( ))   ( ) ≠ , ( + 1) =  ( ) 

The Bayesian Information Criterion (BIC) for each model was calculated and the BIC for 259 

each model summed across rats. These results are presented in Table 2 and 3. The 260 

BIC for the forgetting reinforcement-learning model was lower compared to all other 261 

models, indicating that this model best fit the rat choice data.     262 

 263 

Statistical analyses 264 

 Data are expressed as mean  SEM. All analyses were conducted in SPSS 265 

(IBM, v 26) using generalized linear models (GLM) or generalized estimating equations 266 

(GEE). GEE is a population-level approach based on the quasi-likelihood function that 267 

provides a population averages estimate of parameters. GEE permits the specification 268 

of a working correlation matrix to account for within-subject correlation of responses on 269 

dependent variables of different distributions, including normal, binomial, and Poisson, 270 

that yields unbiased regression parameters relative to ordinary least-squares regression 271 

(Ballinger, 2004). Data were entered into a GEE model as repeated-measures using a 272 

probability distribution based on the known properties of these data. The working 273 

correlation matrix for each model was determined by comparing the quasi-likelihood 274 

criterion (Pan, 2001). Factors in the model included sex (male/female) and age. 275 

Statistical significance of explanatory factors included in the model were assessed with 276 

the Wald 2 test. Regression and multiple linear regression models were used to 277 

examine relationships between dependent variables. A nested regression model was 278 



 

 15 

used for regression analyses involving repeated measures. Principal component 279 

analyses (PCA), a linear dimension reduction approach, was used to identify shared 280 

features amongst the dependent variables. To determine how reversal-learning 281 

trajectories during adolescence may be related to reversal-learning performance in 282 

adulthood, the slope between the dependent variables (e.g., number of reversals 283 

completed and the reinforcement-learning parameter estimates) and adolescent age 284 

was calculated.      285 
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Results 286 

Operant training 287 

 The number of operant training sessions that rats required to reach the reward 288 

criterion was first examined in the cross-sectional study. The number of sessions 289 

required to achieve the reward criterion increased across the ages examined: rats that 290 

began the operant training on PND 25, 45, 65, or 85 required 1.2 ± 0.13, 2.18 ± 0.38, 291 

3.3 ± 0.78, or 4.42 ± 0.91 sessions, respectively, to reach the criterion. This is likely due 292 

to differences in body weight and, consequently, motivation that emerged across these 293 

ages. Rats at PND 90 were significantly larger than PND 30 rats (PND 90: 440 grams; 294 

PND 30: 58 grams), so it is likely that PND 90 rats required additional days of mild food 295 

restriction to achieve the level of motivation that was observed in PND 30 rats following 296 

a single, mild food restriction. Nevertheless, all rats were able to acquire the operant 297 

response. Noseport responses were reinforced with the same amount of reward across 298 

the different ages. It is possible that younger rats could have been satiated by fewer 299 

rewards than older rats and, therefore, took longer to achieve the 151 reward criterion. 300 

We did not, however, observe age-related changes in session duration ( 2=0.16; 301 

p=0.69) suggesting that rats at different ages were equally motivated by the reinforcer. 302 

Rats that were part of the longitudinal study and began training at PND 25 required 2.2 303 

± 0.25 sessions to achieve the reward criterion in a single session. Because of the 304 

technical difficulties experienced in the first operant training session in the longitudinal 305 

study (described above, Methods), the number of operant training sessions in the 306 

longitudinal study was greater than that required in the cross-sectional study.  307 

 308 
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Reversal learning under the deterministic schedule of reinforcement  309 

The performance of rats under the deterministic schedule of reinforcement was 310 

then examined (see Table 1 for general performance measures). The relationship 311 

between age and sex, and the dependent measures collected in the cross-sectional 312 

study, were examined with generalized linear models. Age, but not sex or the age × sex 313 

interaction, explained a significant amount of variance in the number of reversals rats 314 

were able to complete in the reversal-learning task ( 2=19.93; p<0.001; =0.71): as age 315 

increased across rats, the number of reversals that rats were able to complete in a 316 

single session increased ( =0.018; 95% CI: 0.007 — 0.028; 2=8.72; p=0.003; Figure 317 

2A). This is not due to differences in the number of trials that rats completed across 318 

these ages (age: 2=1.41; p=0.24; =0.19; Figure 2B) as age still explained a significant 319 

amount of variance in the number of reversals rats performed when the number of trials 320 

completed was included in the model (age: 2=7.42; p=0.006; =0.43). Moreover, the 321 

age-related increase in the number of reversals that rats were able to complete was not 322 

due to differences in the ability of rats to acquire the initial discrimination, as the number 323 

of trials required to achieve the first reversal did not vary as a function of age (age: 324 

2=0.10; p=0.75; =0.05; Figure 2C). The number of trials rats required to reach the 325 

criterion following the change in reinforcement probabilities, however, was significantly 326 

explained by age (age: 2=9.07; p=0.003; =0.48): as age increased across rats, the 327 

number of trials required to reach the performance criterion decreased ( =-0.76; 95% 328 

CI: -1.262 — -0.267; p=0.003; Figure 2D). These results indicate that the ability to 329 

adjust their choices in response to changes in the reinforcement contingencies 330 

improved across adolescent development.     331 
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These age-related improvements in reversal performance may be due to 332 

changes in the ability of rats to use positive and/or negative outcomes to guide their 333 

subsequent choice. To examine this, the regression coefficients obtained with the 334 

logistic regression were compared between the ages. Similar to our previous studies 335 

(Groman et al., 2018, 2020), rats had an overall tendency to repeat their previous 336 

choices (e.g., regression coefficients were greater than 0), but the likelihood of 337 

repeating an unrewarded choice was significantly lower than the likelihood that rats 338 

would repeat a rewarded choice (Figure 2E-F). The three-way and two-way interactions 339 

between age, sex × trial lag were not significant factors for the likelihood of rats staying 340 

with a rewarded choice ( 2<1.93; p>0.58), but the main effect of age was ( 2=4.68; 341 

p=0.03; =0.34): as age increased across rats, the likelihood of repeating a recently 342 

rewarded action increased ( =0.0004; 95% CI: -0.0009 — 0.0018; 2=5.50; p=0.02; 343 

Figure 2E). Age, however, did not explain a significant amount of variance in the 344 

likelihood of rats staying with an unrewarded choice ( 2=1.31; p=0.25; =0.18; Figure 345 

2F). Thus, the age-related improvements in reversal performance were due, specifically, 346 

to greater value updating after positive outcomes.    347 

We then examined how performance in the deterministic reversal learning task 348 

changed across adolescence when repeatedly assessed in the same rats (see Table 1). 349 

Similar to the results of the cross-sectional study, sex and the age × sex interaction did 350 

not explain a significant amount of variance in the average number of reversals rats 351 

completed in a single session ( 2<0.85; p>0.35), but age did ( 2=98.37; p<0.001; 352 

=2.22): the number of reversals that rats completed in a single session increased 353 

across adolescence ( =0.03; 95% CI: 0.027 — 0.040; 2=93.30; p<0.001; Figure 2G). 354 
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As the number of reversals that rats completed increased with age, the number of trials 355 

that rats required to reach the reward criterion decreased with age (age: 2=54.32; 356 

p<0.001; =1.65; Figure 2H).  When the number of trials completed was included in the 357 

model, the effect of age still remained a significant factor in explaining the number of 358 

reversals rats performed (age: 2=88.82; p<0.001; =2.11). Unlike the cross-sectional 359 

study, the number of trials required to achieve the first reversal decreased with age 360 

(age: 2=27.39; p<0.001; =1.17; Figure 2I), suggesting that the ability to acquire or 361 

learn the initial discrimination improved with repeated experience in the reversal-362 

learning task. This, however, did not fully explain the age-related improvement in 363 

reversal performance, as age remained a significant factor when the number of trials 364 

required to achieve the first reversal was included in the model (age: 2=25.32; p<0.001; 365 

=1.13). Age was also a significant factor in the model examining the number of trials 366 

rats required to achieve the second reversal ( 2=43.84; p<0.001; =1.48; Figure 2J).  367 

To determine if the age-related increase in reversal performance were linked to 368 

alterations in the influence of positive and/or negative outcomes on choice behavior, the 369 

regression coefficients obtained with the logistic regression were compared across the 370 

ages. The sex × trial-lag × age three-way interaction was not significant ( 2=4.13; 371 

p=0.25; =0.45), but the trial-lag × age interaction was ( 2=62.80; p<0.001; =1.77). 372 

Post-hoc analyses only revealed a significant effect of age at trial t-1 ( 2=88.85; 373 

p<0.001; =2.11); age was not a significant predictor for the earlier trials in the past 374 

(e.g., t-2:t-4; 2<0.86; p>0.35). This result indicates that age-related differences in 375 

reward-guided behavior were not due differences in how outcomes in the distant past 376 

were being integrated in action values. The likelihood of rats staying with a rewarded 377 
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choice increased with age ( 2=59.44; p<0.001; =0.0001; 95% CI: 0.0009 — 0.0014) to 378 

the similar degree in both sexes (age × sex interaction: 2=0.02; p=0.88; =0.03; Figure 379 

2K). The likelihood of rats staying with an unrewarded choice, however, did not 380 

significantly change with age ( 2=2.86; p=0.09; =0.27; Figure 2L). 381 

 382 

Reversal learning under a probabilistic schedule of reinforcement 383 

 The performance of rats in the reversal learning task under probabilistic 384 

schedules of reinforcement was then examined (see Table 1). In the cross-sectional 385 

study, the number of reversals that rats achieved in a single session increased with age 386 

( 2=18.19; p<0.001; =0.67) and similarly in both sexes (age × sex: 2=0.40; p=0.53; 387 

=0.10; Figure 3A). This age-related increase in the number of reversals completed was 388 

not due to differences in the number of trials that rats completed ( 2=0.88; p=0.35; 389 

=0.15; Figure 3B) or in the number of trials rats required to achieve the first reversal 390 

( 2=0.02; p=0.90; =0.02; Figure 3C). However, the effect of age was significant for the 391 

number of trials rats required to achieve the second reversal ( 2=6.59; p=0.01; =0.41; 392 

Figure 3D) suggesting that the increase in reversal performance was specifically due to 393 

an improvement in the ability of rats to adjust their choices following the change in 394 

reinforcement contingencies. The logistic regression analysis showed that the 395 

interaction between trial lag and age was not significant ( 2=0.97; p=0.81; =0.16), but 396 

that age was a significant predictor for the likelihood of rats repeating a rewarded choice 397 

( 2=7.33; p=0.007; =0.43; Figure 3E). Age, however, was not a significant predictor in 398 

the likelihood of rats staying with an unrewarded choice ( 2=3.05; p=0.08; =0.28; 399 

Figure 3F).  400 
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 We then examined the performance of rats on the probabilistic task in the 401 

longitudinal study (see Table 1). Similar to the results of the cross-sectional study, the 402 

number of reversals that rats were able to achieve in a single session increased with 403 

age ( 2=22.38; p<0.001; =1.06; Figure 3G) and similarly in both sexes (age × sex: 404 

2=2.79; p=0.10; =0.37). The number of trials that rats required to achieve the reward 405 

criterion decreased with age ( 2=6.75; p=0.009; =0.58; Figure 3H) and age remained a 406 

significant effect when the number of reversals rats performed and the number of trials 407 

completed was included in the model ( 2=24.02; p<0.001; =1.10). This increase in 408 

reversal performance was not driven by age-related changes in the ability of rats to 409 

acquire a discrimination, as age did not explain a significant amount of variance in the 410 

number of trials required to achieve the first reversal ( 2=0.61; p=0.44; =0.17; Figure 411 

3I). There was a non-significant, trend-level effect of age, however, in explaining 412 

variance in the number of trials required to achieve the second reversal ( 2=3.32; 413 

p=0.07; =0.41; Figure 3J). This did not achieve statistical significance, in part, because 414 

several rats failed to reach criterion after the change in reinforcement probabilities (N=8) 415 

and were excluded from this analysis. The analysis of regression coefficients from the 416 

logistic regression model for rewarded outcomes did not detect a significant sex × trial-417 

lag × age interaction ( 2=1.12; p=0.77; =0.24), but did detect a significant trial-lag × 418 

age interaction ( 2=100.99; p<0.001; =2.25). Post-hoc analyses, however, only detect 419 

a significant effect of age at trial lag 1 ( =1, 2=66.38; p<0.001; =1.82); age was not a 420 

significant predictor for the earlier trials ( =2~4, 2<2.58; p>0.10). The likelihood of rats 421 

staying with a rewarded choice increased with age ( 2=32.68; p<0.001; =1.28; Figure 422 

3K) and was lower in females compared to males ( 2=5.07; p=0.02; =0.50). The 423 
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likelihood of rats staying with an unrewarded choice decreased with age ( 2=4.74; 424 

p=0.03; =0.49; Figure 3L) with a trend-level differences detected between the sexes 425 

( 2=3.53; p=0.06; =0.42) in which females were less likely to stay with an unrewarded 426 

choice compared to males.  427 

 428 

Reinforcement-learning processes underlying age-related improvements in reversal 429 

learning 430 

 The age-related changes in reversal learning were remarkably similar between 431 

the cross-sectional and longitudinal study and between the deterministic and 432 

probabilistic reinforcement schedules. This suggests that age-related improvements in 433 

reversal learning may be mediated by common reinforcement-learning mechanisms in 434 

both studies. To examine this, choice data in the deterministic and probabilistic reversal-435 

learning task were fitted with the four reinforcement-learning models (see Methods and 436 

Materials). The Bayesian Information Criteria (BIC) for each of these models was 437 

calculated for individual rats and the sum of these BIC values are presented in Table 2 438 

and Table 3. The BIC for the forgetting reinforcement-learning model was consistently 439 

lower compared to all other models at every age examined in the cross-sectional and 440 

longitudinal studies, indicating that the forgetting reinforcement-learning model best fit 441 

the rat choice data. The parameter estimates from this model (e.g., , +, and 0) were 442 

averaged across the reinforcement schedules, and compared across adolescent age.   443 

Age-related changes in the reinforcement-learning parameters were first 444 

examined in the cross-sectional study. The three-way interaction between sex × age × 445 

parameter was not significant ( 2=1.29; p=0.53; =0.18), but the age × parameter two-446 
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way interaction was ( 2=15.58; p<0.001; =0.62). Post-hoc analyses revealed that as 447 

age increased across rats, the  parameter decreased ( 2=5.09; p=0.02; =0.36; Figure 448 

4A) and the + parameter increased ( 2=10.96; p=0.001; =0.52; Figure 4B). The 0 449 

parameter, however, did not significantly change with age ( 2=1.79; p=0.18; =0.21; 450 

Figure 4C). We then conducted a multiple regression analysis to determine if these 451 

parameter estimates explained unique portions of variance in reversal performance. 452 

The + parameter was the only significant predictor in the regression model, explaining 453 

46% of the variance in the number of reversals rats completed (F1,38=32.86; p<0.001; 454 

Figure 4A-C, right panels). 455 

 We then examined age-related changes in the reinforcement-learning 456 

parameters collected in the longitudinal study. The sex × age × parameter three-way 457 

interaction was not significant ( 2=0.88; p=0.65; =0.21), but the age × parameter 458 

interaction was ( 2=99.57; p<0.001; =2.23). Post-hoc analyses indicated that all 459 

parameters changed with age: the + and 0 parameters increased with age ( 2>27.70; 460 

p<0.001), and the  parameter decreased ( 2=87.17; p<0.001; =2.09; Figure 4D-F). 461 

We then conducted a nested regression analysis to determine if the parameters 462 

explained unique portions of variance in reversal performance. Only the  and + 463 

parameters were significant predictors in the model, explaining 85% of the variance in 464 

the number of reversals rats completed (  parameter: 2=46.28; p<0.001; =1.52; + 465 

parameter: 2=99.74; p<0.001; =2.23; Figure 4D-F, right panels).  466 

 These results, together, indicate that the increase in performance that was 467 

observed in both the cross-sectional and longitudinal conditions was associated with 468 

age-related increases in value updating after positive outcomes: the + parameter 469 
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increased with age in both experimental conditions and was correlated with reversal 470 

performance.  471 

 472 

Adolescent reversal-learning trajectories predict reversal learning in adulthood  473 

 Individual differences in reversal-learning trajectories during adolescence, which 474 

may be linked to specific neurodevelopmental mechanisms, could be predictive of 475 

reversal performance in adulthood. To test this hypothesis, we continued to assess 476 

reversal-learning performance of the longitudinal rats into adulthood (PND 130, 150, 477 

and 170; Figure 5A-C) and examined the predictive relationship between reversal-478 

learning trajectories in adolescent and reversal-learning performance in adulthood.  479 

 First, we generated a correlation matrix of the relationships between the number 480 

of reversals achieved at each of the seven testing ages (Figure 5B). The matrix 481 

revealed two distinct clusters: one included performance at PND 30, 50 and 70 and 482 

another one included PND 90, 130, 150, and 170. Indeed, a PCA analysis revealed that 483 

reversal performance at PND 30, 50 and 70 positively loaded on to a single component 484 

that explained 24% of the variance. In contrast, reversal performance at PND 90, 130, 485 

150, and 170 positively loaded on to a different component that explained 40% of the 486 

variance. This suggests that reversal performance during early adolescence was largely 487 

independent of reversal performance of the same animals in adulthood. We 488 

hypothesized that although absolute reversal performance in adolescence was not 489 

predictive of performance in adulthood (Figure 5B), the degree of change in reversal 490 

performance during early adolescence might be. To test this, we calculated the slope 491 

between reversal performance and adolescent age (e.g., PND 30, 50 and 70) for 492 
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individual rats and examined whether the slope of change in adolescent reversal 493 

performance was predictive of reversal performance in adulthood (e.g., PND 130, 150, 494 

and 170). Data collected at PND 90 was excluded from this analysis because this age in 495 

the rat is at the boundary between late adolescence and young adulthood. 496 

Nevertheless, the same pattern of results was observed when data at PND 90 were 497 

included in the analysis. There was a positive relationship between these variables 498 

(R2=0.30; p=0.02; Figure 5C) indicating that the rate of improvement in reversal 499 

performance during adolescence was predictive of reversal performance in adulthood. 500 

We also conducted a median-split based on whether the slope of change during 501 

adolescence was small or large and examined whether age-related changes in reversal 502 

performance differed between the two groups. As predicted, the age × group interaction 503 

was significant ( 2=5.42; p=0.02; =0.52): post-hoc analyses indicated that significant 504 

differences (p<0.05) were observed between the groups at PND 70 and throughout 505 

adulthood (Figure 5D).   506 

 Next, the choice data collected in adulthood was analyzed with the forgetting 507 

reinforcement-learning model and a similar analysis conducted for each of the three 508 

parameter estimates derived from this model. We first examined age-related changes in 509 

 parameter (Figure 5E). The correlation matrix for the  parameter revealed a strikingly 510 

similar pattern to that observed in the number of reversals achieved (Figure 5F): the  511 

parameter estimates at PND 30, 50, and 70 were strongly related to each other, as was 512 

the  parameter estimates collected at PND 90, 130, 150, and 170. The  parameter 513 

estimates in adolescence, however, were not related to those in adulthood. A PCA 514 

analysis confirmed this segregation:  parameter estimates at PND 30, 50 and 70 515 
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uniquely loaded onto one component, explaining 44% of the variance, whereas the  516 

parameter estimate at PND 90, 130, 150 and 170 loaded onto a different component 517 

that explained 29% of the variance. We then calculated the slope of change in the  518 

parameter during adolescence and examined the relationship between the  parameter 519 

slope and  parameter in adulthood. Unlike reversal performance, the slope of change in 520 

the  parameter during adolescence did not predict the  parameter in adulthood 521 

(R2=0.008; p=0.73; Figure 5G). Moreover, the degree of change in the  parameter 522 

during adolescence did not predict reversal performance in adulthood (R2=0.16; p=0.12; 523 

Figure 5H).  524 

 We then examined age-related changes in the + parameter (Figure 5I). The 525 

correlation matrix for the + parameter indicated that the + parameter estimates 526 

collected at PND 30, 50, and 70 were strongly related to one another, as were the + 527 

parameter estimates collected at PND 90, 130, 150, and 170. However, the + 528 

parameter estimates in adolescence were not correlated with those in adulthood (Figure 529 

5J). A PCA analysis confirmed this segregation indicating that the + parameter 530 

estimates at PND 30, 50 and 70 uniquely loaded onto one component which explained 531 

29% of the variance, whereas the + parameter estimate at PND 90, 130, 150 and 170 532 

loaded on to a different component that explained 47% of the variance. We then 533 

examined the relationship between the slope of change in the + parameter during 534 

adolescence with the + parameter estimates in adulthood. The degree of change in the 535 

+ parameter during adolescence predicted the + parameter estimate in adulthood 536 

(R2=0.21; p=0.05; Figure 5K): rats who had a more significant increase in the + 537 
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parameter in adolescence had a larger + parameter in adulthood. Moreover, the 538 

degree of change in the + parameter during adolescence was correlated with the 539 

degree of change in reversal performance (e.g., number of reversals completed) during 540 

adolescence (R2=0.34; p=0.009) and reliably predicted reversal performance in 541 

adulthood (R2=0.31; p=0.02; Figure 5L). These data suggest that improvements in value 542 

updating after positive outcomes during adolescence predicted individual differences in 543 

reversal performance in adulthood.  544 

 Finally, age-related changes in the 0 parameter were examined (Figure 5M). 545 

The correlation matrix for the 0 parameter did not segregate age groups as clearly as 546 

observed with the  and + parameters (Figure 5N). The PCA analysis identified three, 547 

rather than two, significant components that segregated into three distinct age groups: 548 

the 0 parameter at PND 30 and 50 positively loaded on to component 2 (explaining 549 

26% of the variance), the 0 parameter at PND 70, 90 and 130 loaded on to component 550 

1 (explaining 37% of the variance), and the 0 parameter at PND 150 and 170 loaded 551 

on to component 1 and 3 (explaining 15% of the variance). Nevertheless, we performed 552 

the same analysis as we did for the  and + parameters. The degree of change in the 553 

0 parameter during adolescence did not predict the 0 parameter estimate in adulthood 554 

(R2=0.21; p=0.05; Figure 5O) or reversal performance in adulthood (R2=0.06; p=0.31; 555 

Figure 5P). These results, collectively, indicate that selective improvements in value 556 

updating after positive outcomes during adolescence are predictive of reversal 557 

performance in adulthood.  558 

  559 
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Discussion 560 

 The findings from the present study provide new evidence that age-related 561 

improvements in adaptive choice behavior assessed in a reversal-learning task are 562 

linked to changes in select reinforcement-learning processes. The number of reversals 563 

that rats completed under deterministic and probabilistic schedules of reinforcement 564 

increased across adolescent development in both male and female rats, and this 565 

change was due to improvements in value updating after positive outcomes. Moreover, 566 

the rate of increase in reversal performance during adolescence is predictive of reversal 567 

performance in adulthood. Our findings provide a novel framework for subsequent 568 

neurobiological studies aimed at understanding the molecular and systems-level 569 

neurodevelopmental mechanisms underlying adaptive choice behavior.  570 

 571 

Performance in the reversal-learning task increases during adolescence 572 

 The age-related improvement in reversal-learning performance observed in the 573 

present study is consistent with those previously observed in humans (van der Schaaf 574 

et al., 2011). We found that the ability to adjust choice behavior in response to changes 575 

in reinforcement contingencies increased between postnatal day 30 and 90 in both the 576 

cross-sectional and longitudinal studies. These improvements were not specific to the 577 

schedule of reinforcement used nor were they explained by differences in the ability of 578 

rats to acquire the initial discrimination. This indicates that the age-related changes in 579 

reversal performance were due specifically to improvements in the ability of rats to 580 

adjust their behavior following a change in reinforcement contingencies. The magnitude 581 

of change in reversal performance during adolescence was greater in rats that had 582 
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been repeatedly tested compared to those in the cross-sectional study. Nevertheless, 583 

we also observed a strong relationship between age and reversal performance in rats 584 

not repeatedly tested on the reversal learning task, suggesting that the age-related 585 

changes in reversal performance are likely linked to neurodevelopmental alterations that 586 

occur during this developmental period.       587 

Our computational approach revealed that the age-related changes in reversal 588 

performance were due to improvements in value updating for positive outcomes: rats 589 

were more likely to use positive outcomes to guide their subsequent choices as they 590 

aged. This finding is consistent with data in humans showing that adolescents are less 591 

likely than adults to repeat a rewarded action (Javadi et al., 2014). Age-related changes 592 

in negative-outcome updating were not consistent between cross-sectional and 593 

longitudinal studies: no relationship was observed between age and the 0 parameter in 594 

the cross-sectional study, but we observed a significant increase in the 0 parameter in 595 

the longitudinal study. This might suggest that value updating for negative outcomes 596 

might change with experience in the task and/or emerges later in development. 597 

Moreover, we did not observe a consistent effect of sex in our analyses; the only 598 

statistically significant effect of sex was observed in the longitudinal study under the 599 

probabilistic schedule of reinforcement. We found that female rats were less likely to 600 

repeat a previous choice, regardless of the outcome. Recent work has suggested that 601 

male and female mice use different strategies in a two-choice visual discrimination 602 

paradigm (Chen et al., 2020), so it is possible that the subtle sex differences observed 603 

here may be reflective of sex-dependent differences in learning strategies.  604 
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We also observed an age-related decline in the retention, or decay, of action 605 

values (e.g.,  parameter) in both the cross-sectional and longitudinal studies, indicating 606 

that as rats aged, choice behavior was more influenced by choices and outcomes from 607 

recent trials than by those in the distant past. Interestingly, variation in the  parameter 608 

estimate explained a significant amount of variance in reversal performance only in the 609 

longitudinal study, but not in the cross-sectional study. This discrepancy between the 610 

two studies might be accounted for by differences in meta-learning, or learning when to 611 

learn (Doya, 2002; Soltani et al., 2006). Meta-learning is hypothesized to be the 612 

mechanism by which model-free reinforcement-learning mechanisms can be adjusted 613 

for adapting to new environments or contexts (Wang et al., 2016). Repeated experience 614 

with the reversal-learning paradigm may recruit meta-learning mechanisms that would 615 

not have been engaged with limited experience. The influence of the  parameter on 616 

reversal performance in the longitudinal study and not in the cross-sectional study 617 

might, therefore, reflect meta-learning.   618 

Age-related changes in reversal-learning performance during adolescence may 619 

enable an organism to learn about the environment and then to exploit this knowledge 620 

to obtain food and/or access to reproductive opportunities (Kelley et al., 2004; 621 

McCormick and Telzer, 2017). Our data indicate that during early adolescence rats 622 

were more likely to switch their choices following a positive outcome (i.e., a lower + 623 

parameter), suggesting that they were not using the rewarded outcome to guide their 624 

choice behavior as was observed in older rats. Although our previous work has 625 

indicated that disruptions in positive value updating are a risk factor for drug use in adult 626 

rats (Groman et al., 2020), a lower + parameter in younger rats may be adaptive. 627 
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Adolescence is period associated with greater exploratory and novelty-seeking 628 

behaviors (Kelley et al., 2004; Forbes and Dahl, 2010) which may help juveniles to 629 

develop skills for independence and survival in the absence of the parent (Kelley et al., 630 

2004). The age-related change in the + parameter that we observed in the current 631 

study may, therefore, reflect developmental changes in exploration-exploitation tradeoff 632 

that has been observed in adolescent humans (Somerville et al., 2017).    633 

 634 

Neurodevelopment and decision making in adolescence  635 

The brain undergoes morphological and functional transformations during 636 

adolescence (Casey et al., 2008; Spear, 2013). Human neuroimaging studies have 637 

observed changes in structure, function, and connectivity during adolescence (Giedd et 638 

al., 1999; Sowell et al., 1999; Thompson et al., 2001; Toga et al., 2006; Lenroot et al., 639 

2007; Ernst et al., 2015; Karlsgodt et al., 2015; Stevens, 2016) that appear to parallel 640 

the time course of decision-making improvements (van der Schaaf et al., 2011). The 641 

rate of change, however, varies across brain regions and the developmental mismatch 642 

between subcortical and cortical maturation has been proposed to underlie the increase 643 

in risky behaviors and poor decision making that are typically observed in adolescents 644 

(Casey et al., 2008, 2016; Mills et al., 2014).  645 

One of the last regions to mature during adolescence is the orbitofrontal cortex 646 

(OFC), a region critically involved in reversal learning (Schoenbaum et al., 2003; 647 

Rudebeck and Murray, 2008; Walton et al., 2010; Rudebeck et al., 2017) and 648 

reinforcement learning (Kennerley and Wallis, 2009; Sturman and Moghaddam, 2011; 649 

Massi et al., 2018; Costa and Averbeck, 2020). Our recent work using a reversal-650 
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learning paradigm has demonstrated that select reinforcement-learning mechanisms 651 

are controlled by anatomically distinct orbitofrontal circuits (Groman et al., 2019), which 652 

are known to mature during adolescence (Asato et al., 2010; Ladouceur et al., 2012; 653 

Karlsgodt et al., 2015). Individual differences in reversal-learning trajectories during 654 

adolescence may be linked to differences in the maturation of specific neural circuits 655 

(Asato et al., 2010; Ladouceur et al., 2012; Karlsgodt et al., 2015; Anandakumar et al., 656 

2018; Gee et al., 2018). Based on our previous work (Groman et al., 2019), we 657 

hypothesize that the increase in positive value updating observed here is linked to 658 

developmental changes in the amygdala-OFC circuitry observed in human 659 

neuroimaging studies (Gee et al., 2013).  660 

In addition to the circuit-based changes, many neurotransmitter systems also 661 

transform during adolescence (Wahlstrom et al., 2010; Pitzer, 2019). For example, the 662 

density of dopamine D1 and D2 receptors peaks during early adolescence and then 663 

rapidly declines (Teicher et al., 1995; Andersen et al., 2000). We and others have found 664 

that variation in dopaminergic markers are related to reversal-learning performance in 665 

adult humans and monkeys (Clatworthy et al., 2009; Cools et al., 2009; Groman et al., 666 

2011, 2016). It is possible, therefore, that the age-related alterations in reversal learning 667 

observed in the current study are due to the maturation of the dopamine system. 668 

Indeed, adolescent rats have lower dopamine availability in the dorsal striatum 669 

(Matthews et al., 2013) and reduced reward-mediated signaling in putative midbrain 670 

dopamine neurons (Kim et al., 2016) that are likely to be involved in the age-related 671 

changes in positive value updating.   672 

  673 
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Implications for neurodevelopmental mechanisms of mental illness 674 

 The peak onset age for many mental disorders is adolescence (Chambers et al., 675 

2003; Paus et al., 2008), and these symptoms might emerge as a result of deviations in 676 

the normal developmental changes during this period. Previous work has demonstrated 677 

that reversal learning is disrupted in adults with mental illness (Fillmore and Rush, 2006; 678 

Waltz and Gold, 2007; Chamberlain et al., 2008). However, the latent behavioral factors 679 

contributing to maladaptive reversal performance may differ between disorders and 680 

involve distinct neural mechanisms that develop during adolescence. Identifying the 681 

neurobiological adaptations underlying alterations in reversal-learning performance 682 

during adolescence could provide critical insights into the pathology of these disorders.  683 

 684 

Summary 685 

 Our behavioral protocol provides a unique platform for probing the 686 

neurodevelopmental mechanisms underlying adaptive choice behavior in normal and 687 

pathological states. We provide insights into how reinforcement-learning mechanisms 688 

change in adolescent development and into adulthood, and show evidence that 689 

adolescent reversal-learning trajectories can predict reversal-learning performance in 690 

adulthood. The use of our translationally analogous reversal-learning task and 691 

computational approaches combined with sophisticated neurobiological techniques in 692 

rodent models could elucidate key components of adolescent brain function.   693 

  694 
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Tables 941 

Table 1: Performance measures of rats in the reversal-learning task under deterministic 942 

and probabilistic schedules of reinforcement. Total number of sessions is the total 943 

number of sessions rats required to reach the reward criterion. Total trials completed is 944 

the total number of trials rats completed under each schedule. Session duration is the 945 

average number of hours rats needed to reach the performance criterion. Values 946 

presented are mean ± SEM.     947 

 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) 

C
ro

ss
-s

ec
tio

na
l PND

30 
58 ± 
2.4 

3.0 ± 
0.00  

966 ±  
71  

6.56 ±  
0.98 0.98 

 

3.00 ± 
0.00  

1102 ± 
32 

7.69 ± 
1.11 

PND
50 

221 ± 
9.3 

3.18 ± 
0.18 

950 ±  
68 

8.58 ± 
1.09 

3.00 ± 
0.00 

1052 ±  
61 

6.42 ± 
1.30 

PND
70 

357 ± 
29 

5.29 ± 
0.78 

1232 ± 
127 

8.56 ± 
1.29 

3.00 ± 
0.00 

1062 ±  
73  

6.21 ± 
1.68 

PND
90 

433 ± 
31 

5.50 ± 
0.79 

1268 ± 
133 

7.66 ± 
1.14 

3.08 ± 
0.08 

1116 ±  
35 

5.61 ± 
0.97 

Lo
ng

itu
di

na
l 

PND
30 

55 ± 
4.1 

3.75 ± 
0.40 

1299 ±  
73 

6.40 ± 
0.66 

3.55 ± 
0.25 

1197 ±  
47 

5.49 ± 
0.65 

PND
50 

153 ± 
17 

3.10 ± 
0.07 

1125 ± 
36 

4.13 ± 
0.56 

3.30 ± 
0.18 

1247 ±  
44 

3.73 ± 
0.53 

PND
70 

N/A 3.65 ± 
0.20 

1136 ± 
51 

5.24 ± 
0.66 

3.20 ± 
0.12 

1147 ± 
32 

4.19 ± 
0.60 

PND
90 

N/A 3.75 ± 
0.51 

968 ± 
50  

4.31 ± 
0.62 

3.35 ± 
0.25 

1122 ± 
51 

4.96 ± 
0.69 
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 949 

 950 
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Table 2: Comparison of reinforcement-learning model fits for choice behavior under the 952 

deterministic schedule of reinforcement. Values presented are the sum of Bayesian 953 

Information Criterion (BIC). Bolded values are those with the lowest BIC.      954 

 
 

 
Age 

Forgetting 
reinforcement 
learning model 

Forgetting 
reinforcement 

learning without 
the 0 parameter 

Q learning 
model with 

one learning 
rate 

Q learning 
model with 

two learning 
rates 

C
ro

ss
-s

ec
tio

na
l PND30 18363 19703 20098 19842 

PND50 20429 21186 21430 20638 

PND70 11688 12365 12556 12330 

PND90 21504 22611 23351 23238 

Lo
ng

itu
di

na
l 

PND30 41666 43910 45432 44975 

PND50 39581 42054 44154 43638 

PND70 31121 32380 34288 33868 

PND90 29678 30572 32925 32782 

PND130 28776 29646 32037 31764 

PND150 23109 23285 25224 24938 

PND170 23575 23814 26244 25878 

 955 

 956 

 957 

 958 

 959 

 960 

 961 

 962 
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Table 3: Comparison of reinforcement-learning model fits for choice behavior under the 963 

probabilistic schedule of reinforcement. Values presented are the sum of Bayesian 964 

Information Criterion (BIC). Bolded values are those with the lowest BIC.     965 

 
 

 
Age 

Forgetting 
reinforcement 
learning model 

Forgetting 
reinforcement 

learning without 
the 0 parameter 

Q learning 
model with 

one learning 
rate 

Q learning 
model with 

two learning 
rates 

C
ro

ss
-s

ec
tio

na
l PND30 17056 17490 18429 17779 

PND50 20197 21469 23334 21667 

PND70 12698 13143 15002 13618 

PND90 23629 24226 26378 25083 

Lo
ng

itu
di

na
l 

PND30 40206 41340 45013 42970 

PND50 44004 45458 49861 47510 

PND70 39248 40262 43978 43612 

PND90 37043 37690 41346 40660 

PND130 34511 34840 37841 37375 

PND150 33139 33276 36046 35992 

PND170 33320 33313 35829 35745 

 966 

 967 

 968 

 969 

 970 

  971 
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Figure legends 972 

Figure 1: Assessing adaptive choice behavior in the reversal-learning task throughout 973 

adolescence in the rat. (A, left) Experimental design used in the cross-sectional study. 974 

Separate cohorts of rats began testing at postnatal day 25 (P25), 45 (P45), 65 (P65) or 975 

(P85). (A, right) Experimental design used in the longitudinal study. (B) Schematic of a 976 

single trial in the reversal learning task. (C) The deterministic schedule of reinforcement 977 

for each of the three noseport options. (D) The probabilistic schedule of reinforcement 978 

for each of the three noseport options. NP, noseport.   979 

 980 

Figure 2: Performance in the deterministic reversal-learning task in the cross-sectional 981 

study (A-F) and longitudinal study (G-L). (A) The relationship between age and the 982 

average number of reversal rats completed in a single reversal learning session. (B) 983 

The relationship between age and the average number of trials required to achieve the 984 

reward criterion in a single session. (C) The relationship between age and the number 985 

of trials rats required to reach the first reversal (i.e., acquire the initial discrimination). 986 

(D) The relationship between age and the number of trials rats required to reach the 987 

second reversal. (E) The relationship between age and the sum of the regression 988 

coefficients for the ‘rewarded’ predictor in the logistic regression model. (F) The 989 

relationship between age and the sum of the regression coefficients for the 990 

‘unrewarded’ predictor in the logistic regression model. (G) The average number of 991 

reversals each rat completed in a single session at each of the four postnatal 992 

timepoints. (H) The average number of trials required to achieve the reward criterion in 993 

a single reversal learning session at each of the four postnatal timepoints. (I) The 994 
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number of trials rats required to reach the first reversal at each of the four postnatal 995 

timepoints. (J) The number of trials required to reach the second reversal at each of the 996 

four postnatal timepoints.  (K) The sum of the regression coefficients for the ‘rewarded’ 997 

predictor in the logistic regression model at each of the four postnatal timepoints. (L) 998 

The sum of the regression coefficients for the ‘unrewarded’ predictor in the logistic 999 

regression model at each of the four postnatal timepoints. Black circles – female; Gray 1000 

circles – male. Dotted black lines – female; Solid gray lines – male; Solid black line – 1001 

average across sexes.   1002 

 1003 

Figure 3: Performance in the probabilistic reversal learning task in the cross-sectional 1004 

study (A-F) and longitudinal study (G-L). (A) The relationship between age and the 1005 

average number of reversals completed in a single reversal learning session. (B) The 1006 

relationship between age and the average number of trials required to achieve the 1007 

reward criterion in a single session. (C) The relationship between age and the number 1008 

of trials required to reach the first reversal, or acquire the initial discrimination. (D) The 1009 

relationship between age and the number of trials rats required to reach the second 1010 

reversal. (E) The relationship between age and the sum of the regression coefficients 1011 

for the ‘rewarded’ predictor in the logistic regression model. (F) The relationship 1012 

between age and the sum of the regression coefficients for the ‘unrewarded’ predictor in 1013 

the logistic regression model. (G) The average number of reversals completed in a 1014 

single session at each of the four postnatal timepoints. (H) The average number of trials 1015 

required to achieve the reward criterion in a single session at each of the four postnatal 1016 

timepoints. (I) The number of trials required to reach the first reversal at each of the four 1017 
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postnatal timepoints. (J) The number of trials required to reach the second reversal at 1018 

each of the four postnatal timepoints. (K) The sum of the regression coefficients for the 1019 

‘rewarded’ predictor in the logistic regression model at each of the four postnatal 1020 

timepoints. (L) The sum of the regression coefficients for the ‘unrewarded’ predictor in 1021 

the logistic regression model at each of the four postnatal timepoints. Black circles – 1022 

female; Gray circles – male. Dotted black lines – female; Solid gray lines – male; Solid 1023 

black line – average.   1024 

 1025 

Figure 4: Age-related changes in reinforcement-learning processes in the cross-1026 

sectional study (A-C) and longitudinal study (D-F). (A) Left: The relationship between 1027 

age and the  parameter. Right: The relationship between the average number of 1028 

reversals achieved in the deterministic and probabilistic reversal learning task and 1029 

individual differences in the  parameter. (B) Left: The relationship between age and the 1030 

+ parameter. Right: The relationship between the average number of reversals 1031 

achieved in the deterministic and probabilistic reversal learning task and individual 1032 

differences in the + parameter. (C) Left: The relationship between age and the 0 1033 

parameter. Right: The relationship between the average number of reversals achieved 1034 

in the deterministic and probabilistic reversal learning task and individual differences in 1035 

the 0 parameter. (D) Left: The  parameter estimate at each of the four postnatal 1036 

timepoints. Right: The relationship between the average number of reversals achieved 1037 

in the deterministic and probabilistic reversal learning task and individual differences in 1038 

the  parameter. (E) Left: The + parameter estimate at each of the four postnatal 1039 

timepoints. Right: The relationship between the average number of reversals achieved 1040 
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in the deterministic and probabilistic reversal learning task and individual differences in 1041 

the + parameter. (F) Left: The 0 parameter estimate at each of the four postnatal 1042 

timepoints. Right: The relationship between the average number of reversals achieved 1043 

in the deterministic and probabilistic reversal learning task and individual differences in 1044 

the 0 parameter. Black circles – female; Gray circles – male. Dotted black lines – 1045 

female; Solid gray lines – male; Solid black line – average. 1046 

 1047 

Figure 5: Adolescent reversal-learning trajectories predict individual differences in 1048 

reversal-learning performance in adulthood. (A) The average number of reversals rats 1049 

achieved in a single session across the seven postnatal timepoints. (B) A matrix of 1050 

Pearson’s correlation coefficients for the number of reversals achieved at each of the 1051 

postnatal timepoints. Lighter boxes indicate a large, positive correlation; darker boxes 1052 

indicate a small, negative correlation. (C) The relationship between the slope of change 1053 

in the number of reversals achieved between PND 30 and 70 and the average number 1054 

of reversals achieved between PND1 30 and 170. (D) The number of reversal rats 1055 

achieved in rats that a small slope (gray line) compared to a large slope (black line) in 1056 

adolescence. (E) The  parameter estimate across the seven postnatal timepoints. (F) A 1057 

matrix of Pearson’s correlation coefficients for the  parameter at each of the postnatal 1058 

timepoints. (G) The relationship between the slope of change in the  parameter 1059 

between PND30 and 70 and the average  parameter estimate between PND 130 and 1060 

170. (H) The relationship between the slope of change in the  parameter between PND 1061 

30 and 70 and the average number of reversals achieved between PND130 and 170. (I) 1062 

The + parameter estimate across the seven postnatal timepoints. (J) A matrix of 1063 
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Pearson’s correlation coefficients for the + parameter at each of the postnatal 1064 

timepoints. (K) The relationship between the slope of change in the + parameter 1065 

between PND30 and 70 and the average + parameter estimate between PND130 and 1066 

170. (L) The relationship between the slope of change in the + parameter at PND30 1067 

and 70 and the average number of reversals achieved between PND130 and 170. (M) 1068 

The 0 parameter estimate across the seven postnatal timepoints. (N) A matrix of 1069 

Pearson’s correlation coefficients for the 0 parameter at each of the postnatal 1070 

timepoints. (K) The relationship between the slope of change in the 0 parameter 1071 

between PND 30 and 70 and the average 0 parameter estimate between PND 130 and 1072 

170. (L) The relationship between the slope of change in the 0 parameter between 1073 

PND30 and 70 and the average number of reversals achieved between PND 130 and 1074 

170.      1075 
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 1077 












