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ABSTRACT

One of the many human capabilities acquired during adolescence is the adaptivity in changing environments. In this longitu-
dinal study, we investigated this adaptivity, as measured by probabilistic reversal learning (PReL) tasks, in N= 143 adolescents
at ages 14, 16 and 18. Computational modelling and functional magnetic resonance imaging were applied to identify the neuro-
cognitive processes underlying reversal learning and its development. Previous studies have demonstrated a correlation between
heavy alcohol use and impaired reversal learning. Our hypothesis was that PReL is negatively associated with current and future
alcohol use and that alcohol use impairs PReL by altering neurocognitive processes. Behaviourally, PReL performance improved,
which was associated with a lower probability of switching choices and was considered an adaptive process. Computationally,
this was accounted for by higher learning rates, enhanced sensitivity to wins and reduced sensitivity to losses in older adoles-
cents. Alcohol consumption increased but remained at a low level for most participants. More risky drinking was associated with
less medial frontal activity elicited by reward prediction errors. These findings suggest that reversal learning may be more rele-
vant for the maintenance or escalation of risky than for low-level drinking. Challenges and potential solutions for longitudinal
studies such as reliability are discussed.

1 | Introduction

The capacity to adapt flexibly to environmental changes is a
fundamental aspect of human behaviour that matures during
adolescence—a period marked by impulsive and risky be-
haviours such as heavy alcohol use [1, 2]. We longitudinally in-
vestigated cognitive and behavioural adaptivity in adolescents
aged 14 to 18 using a probabilistic reversal learning (PReL) task.
Participants learned which of two stimuli were more likely to

yield rewards, with these associations eventually reversing.
Combining behavioural analyses with computational model-
ling and functional magnetic resonance imaging (fMRI), we
aimed to understand the learning processes and their neural
correlates. We hypothesized that less adaptive learning would
be associated with increased drinking during adolescence.

Alcohol use typically begins in adolescence, and neurobiolog-
ical changes during this period can predispose individuals to

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is

properly cited.

© 2025 The Author(s). Addiction Biology published by John Wiley & Sons Ltd on behalf of Society for the Study of Addiction.

Addiction Biology, 2025; 30:€70026
https://doi.org/10.1111/adb.70026

10of 13


https://doi.org/10.1111/adb.70026
https://doi.org/10.1111/adb.70026
https://orcid.org/0000-0002-8493-6396
https://orcid.org/0000-0001-7938-6046
https://orcid.org/0000-0002-5209-3996
https://orcid.org/0000-0002-1612-3932
mailto:michael.smolka@tu-dresden.de
https://orcid.org/0000-0001-5398-5569
mailto:michael.smolka@tu-dresden.de
http://creativecommons.org/licenses/by/4.0/

alcohol-related disorders, which are highly prevalent among ad-
olescents [3, 4]. Addiction research has identified numerous risk
factors for alcohol use disorder (AUD; [5]). This study focuses
on alterations in learning mechanisms, with computational
modelling—particularly reinforcement learning (RL) models—
serving as a framework to describe the cognitive processes un-
derlying behaviour. Prior studies in adults have linked AUD and
addiction to disrupted RL processes and impaired behavioural
flexibility (e.g., [6, 7]). Key concepts in RL include prediction
error (PE)—the difference between actual and expected out-
comes—and learning rate, which reflects how quickly expec-
tations are adjusted based on the PE [8-10]. In classical models,
choice stochasticity measures the extent to which an individ-
ual's decisions depend on the prediction error when selecting
an action [8]. In alternative models, reinforcement sensitivity
quantifies the impact of feedback by directly scaling the per-
ceived value of the received feedback [11]. Recent approaches
also differentiate between the single-update (SU) strategy,
which updates only the chosen option's expected value accord-
ing to the PE, and the double-update (DU) strategy, which up-
dates both the chosen and unchosen options’ expected values
[7,12, 13]. This means, the more participants engage in DU, the
more they consider the counterfactual nature of the task, i.e.,
the feedback for one stimulus also contains information about
the other stimulus. AUD patients did less DU, especially after
punishment, and recruited less activity in the medial prefron-
tal cortex (PFC) related to the DU-PE, which correlated with
their drinking habits [7]. In a similar vein, other studies associ-
ated alterations of neural learning signals in alcohol-dependent
patients with their alcohol intake (alcohol dependence accord-
ing to DSM-IV; [6, 14]). In addition to these patient studies, it
has been shown that binge drinkers showed reduced reversal
learning performance [15]. Thus, there is converging evidence
about impaired reversal learning in high-risk drinkers that is
associated with altered neurocognitive processes, but cross-
sectional studies cannot distinguish between the consequences
of chronic alcohol abuse and pre-existing risk factors. Our lon-
gitudinal study aimed to investigate whether altered reinforce-
ment learning processes could act as a pre-existing risk factor
for problematic alcohol use, even in a sample of social-drinking
adolescents.

To evaluate this potential association with alcohol use, it is im-
portant first to understand the development of RL processes
during adolescence. Developmental PReL studies are rare and
findings on performance differences between adolescents
and adults remain mixed. There were no performance differ-
ences in probabilistic as well as deterministic reversal learn-
ing ([16, 17]). However, a large cross-sectional study showed
increasing performance from childhood to adulthood with
a peak in adolescence [18]. Computational studies have also
revealed developmental differences in learning processes.
Learning rates after punishment decrease from childhood to
adulthood [16], while learning from positive feedback increases
in general (not reversal specific; [19]). Positive feedback had
less impact on adolescents, which might explain more choice
switches [11]. Our previous study found adolescents exhibited
more explorative behaviour, shown by a lower beta parameter
of the sigmoid function [20]. Developmental neurocognitive
studies present a mixed picture. The insula showed higher ac-
tivity after negative feedback during adolescence [16], but other

studies found no difference in PE-signal between adolescents
and adults [19, 21]. A recent cross-sequential study showed
reduced medial frontopolar cortex activity in adolescents, in-
dicating less confidence in upcoming choices [11]. Feedback
processing in cortical and subcortical regions changes during
adolescence, but the directionality remains debated, and lon-
gitudinal evidence on (neuro)cognitive RL processes is lacking
(see [22] for a review).

This is the first longitudinal study to link PReL and alcohol
consumption in adolescence, examining whether impaired
reversal learning, as observed in AUD, is a risk factor preced-
ing high-risk alcohol use or a consequence of chronic alcohol
abuse (e.g., [7]). We hypothesize that an imbalance between
less developed frontal regulation and greater subcortical ap-
proach behaviour underlies both adolescent alcohol use and
PReL performance [23, 24]. This approach behaviour may
hinder feedback learning in a PReL task and promote alcohol
consumption, potentially affecting neural signalling in the
vulnerable adolescent brain [25]. This first longitudinal fMRI
study of PReL and alcohol use began before the publication of
many of the cited works and the applied methods. While the
basic assumption was that better PReL performance would be
associated with less overall drinking and less escalation over
time, the specific operationalizations of variables and the de-
tailed analytical approaches were not fully established at the
study's outset.

2 | Materials and Methods
2.1 | Participants

Participants were recruited at local schools at the age of 14
as part of a larger longitudinal study “The adolescent brain”.
Details on recruitment, exclusion criteria, and the full protocol
are available elsewhere [26]. This study focuses on the PReL
task, associated fMRI data, and self-reported alcohol use. After
fMRI data quality control, the final sample included 143 subjects
(73 male) who completed the PReL task at ages 14, 16, and 18
(see Table 1 for sample description).

2.2 | Alcohol Use

To assess drinking behaviour, we used the Alcohol Use
Disorder Identification Test (AUDIT; [27]), which measures
the quantity and the frequency, as well as the hazardousness
of a person's alcohol use (AUDIT total score). We used the
AUDIT total score as the outcome measure to align with previ-
ous research that links reinforcement learning deficits to AUD
risk rather than focusing solely on drinking quantity. While
the AUDIT-C assesses frequency and quantity of alcohol con-
sumption, its strong correlation with the AUDIT total score in
our sample (r=0.92-0.96 across ages) indicates that drinking
behaviour in this cohort was neither risky nor problematic.
This is further supported by an average AUDIT-P score below
1, reflecting an almost complete absence of alcohol-related
problems (age 14: 0.1; age 16: 0.5; age 18: 0.7). Moreover, using
the AUDIT total score ensures consistency with our previous
analyses [28].
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Additionally, we derived the quantity of alcohol use in gram per
week from the Timeline Follow Back interview (TLFB; [29]).
During the interview, participants were asked how much and
what they drank in the past 30days. Using the grams per week
measure, we estimated cumulative alcohol consumption via
area under the curve (linear interpolation). Higher cumulative
alcohol consumption indicates greater alcohol exposure during
the study period.

2.3 | Paradigm

We used a PReL task similar to the one introduced by Hampton
and O'Doherty [30]. In each trial, participants choose between
two stimuli (Figure 1). Each stimulus was associated with a
certain probability of winning or losing 20 cents (70%-30%
and 40%-60%, respectively). At the end of each trial, partici-
pants receive feedback about their choice (win or loss) as well

TABLE1 | Sample description.
Acquisition wave (target age in 104 216) 308)
years) Mean SD Range Mean SD Range Mean SD Range
Exact age in years 14.6 0.33  13.7-15.1 16.6 0.36 15.7-174 18.6 0.45 17.8-20.5
SES? 10 3.2 4-20 — —
Gram alcohol drunk® 5.2 38.7  0-461.5 24.9 41.9 0-318.9 52.3 61.7 0-345.9
AUDIT total score 0.9 1.48 0-10 3.2 2.87 0-15 4.2 2.97 0-13
Hazardous drinking® 1.4% 5% 7%
No. of daily smokers (%) 1(1%) 6 (4%) 20 (14%)
Cigarettes smoked® 1 8.9 0-101 3 13 0-102 10 22.4 0-105
No. of cannabis users (%) 1 (%) 6 (4%) 20 (14%)
Days cannabis used® 0.01 0.06 0-0.75 0.07 0.64 0-7.25 0.21 0.92 0-6.75

2Socioeconomic status: A sum score of several factors acquired within the online questionnaires of the IMAGEN study in the first acquisition wave, referring
to parental education, family stress due to financial reasons and neighbourhood. The values can range from 1 to 23, whereby a lower value represents a higher

socioeconomic status.

bper week; acquired via the TimeLineFollowBack interview AUDIT: Alcohol Use Disorder Identification Test.

“Percentage of participants with AUDIT score higher than 8.

Selection: 2 sec

o N
i

Fixation: 4 sec

Feedback: 1 sec

Intertrial interval: 4-8 sec

&l

FIGURE1 |
of the cases.

Time

Overview of the used probabilistic reversal learning task. After four consecutive correct trials, a contingency change occurred in 25%
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as about their current total score. Participants were instructed
to maximize their gain, which in turn increases their partici-
pation fee. When participants consecutively choose the more
beneficial stimulus four times, the reward contingencies re-
verse with a 25% probability. In total, participants completed
120 trials. The task duration was approximately 26 min. Prior
to the scanning session, participants received thorough train-
ing for the task (please refer to [20] for a more detailed task
description). Given the adaptive nature and the high difficulty
of the task, we prioritized the inclusion of participants who
completed all three sessions and did not apply other exclusion
criteria.

2.3.1 | Behavioural Parameters

To analyse task performance, we extracted three performance
metrics: obtained reward, accuracy and the number of contin-
gency changes. The obtained reward is the feedback guiding
participants’ behaviour. Accuracy measures the proportion
of trials where the more beneficial stimulus was chosen, re-
gardless of feedback, and is moderately correlated with the
obtained reward (see Table S2). The number of contingency
changes, occurring after four consecutive correct choices, in-
dicates task performance and difficulty, as participants must
frequently reverse their learned associations. Due to the adap-
tive and probabilistic task design, the correlation with accu-
racy and reward is lower (see Table S2). Given that stay-switch
behaviour is less impacted by the adaptive design and has
been previously reported, we also examined stay probabilities,
i.e., the probability of repeating the previous trial's choice fol-
lowing a win, or a loss [7, 11, 21].

Following Waltmann et al. [31], we used mixed-effects models
to enhance parameter reliability mainly by reducing error vari-
ance (see Figures S1 and S2). Mixed-effects models use trial-
by-trial data to account for clustering within the data, variance
heterogeneity between subjects and variability within subjects.
We estimated accuracy and stay probabilities (after win and loss
separately) using mixed-effects logistic regression with a joint
model for correlated random intercepts and slopes: dependent
variable ~ 1 + Session + (1 + Session|Subject). =~ We  computed
mixed-effects logistic regressions in R (version 4.3.1), using the
Ime4 package (version 1.1-34).

2.3.2 | Computational Modelling

To uncover individual differences in the underlying learning
processes in PReL, we performed computational modelling
and closely followed previous analyses of PReL [7, 11, 31].
We used MATLAB 2020b and the emfit toolbox to estimate
parameters by maximum a posteriori estimation with empir-
ical priors [32] and compared models according to their in-
tegrated Bayesian information criterion [33]. The DU-model
with two reinforcement sensitivities p, . and p, . and one
learning rate « fit the best in the joint as well as the separate
estimation (DU-2pa-model; see Figure S4), which indicates
that the principal cognitive processes underlying PReL do not
change during adolescence. The reinforcement sensitivity p is
part of the perceptual model and provides a lower bound on

choice stochasticity by determining the maximum difference
between expected values (see equation (2) in the supporting
information). The learning rate a, which signifies the weight-
ing of recent feedback in comparison to integrated feedback
from previous trials, determines how much recent trials con-
tribute to the learning process (i.e., 1 means only considering
the most recent trial). The behavioural and parameter recov-
ery of the winning model was robust, as evidenced by moder-
ate to high correlations between the simulated and original
data, and very high correlations between refitted parameters
from simulated behaviour and the originally derived parame-
ters. For a detailed description of the computational approach,
model comparison, simulation work and details on the re-
covery procedure, please refer to Chapter 2 in the supporting
information.

To assess developmental effects on alcohol use, behavioural
and computational PReL parameters, we used the mixed-effects
models. PReL variables were dependent, and time was a within-
subject factor. For stay probabilities, feedback valence was an
additional within-subject factor.

2.4 | Associations of PREL and Drinking
2.4.1 | Cross-Sectional

In line with our previous research on delay discounting and
drinking [28], we aimed to compute bivariate latent growth
curve models (LGCMs) to associate the development in PReL
with the development in drinking. However, the bivariate mod-
els did either not converge or resulted in spurious negative vari-
ances [34], indicating poor model fit [35]. Given these issues and
that the univariate AUDIT model converged, we concluded that
the PReL parameters from our adaptive task were not suitable for
estimating a bivariate LGCM. Therefore, we decided to compute
a LGCM with intercept and slope for alcohol use and introduced
PReL parameters as time-varying predictor (see Figure 2). The
AUDIT total score was employed as the drinking measure, be-
cause the combination of a quantity-frequency measure and an
indication of risky or problematic drinking aligns most closely
with previous findings regarding PReL and AUD. Separate mod-
els were computed for the behavioural parameters of accuracy,
stay probability after win, or loss, as well as the computational
parameters learning rate and reinforcement sensitivity for wins
and losses. LGCMs were estimated via the lavaan package im-
plemented in R [36]. The models were fit via full information
maximum likelihood estimator and fits were moderate to good
(see Chapter 3 in the supporting information). The predictors
and outcomes were standardized before the analyses to yield es-
timates that have the same range as correlation coefficients. The
choice of outcome variables was of rather explorative nature;
thus we considered a p-value below 0.05 as significant. Please
note that adding gender as a time-invariant covariate did not sig-
nificantly change the results.

2.4.2 | Longitudinal

To examine the long-term influence of alcohol exposure over
the course of the study, we correlated the cumulative alcohol
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Intercept AUDIT

Slope AUDIT

AUDIT AUDIT @ AUDIT
14 16 18
y A
PReL 14 PReL 16 PReL 18

FIGURE 2 | Schematic representation of the latent growth curve model (LGCM) for alcohol use as measured by the Alcohol Use Disorder
Identification Test (AUDIT; [27]). Rectangles represent observed variables, while ellipses indicate latent variables estimated via the LGCM. The ob-
served AUDIT scores serve as indicators for the latent intercept (starting point) and latent slope (change over time). Intercept regressions were fixed
at 1 for all sessions, and the slopes were fixed at 2 and 3 for the second and third sessions, respectively. Behavioural and computational parameters

from the probabilistic reversal learning (PReL) task were modelled as time-varying covariates.

consumption with difference in behavioural and computational
PReL parameters between the ages 18 and 14.

2.5 | Functional Magnetic Resonance Imaging

We processed the fMRI data using SPM12 (https://www.fil.ion.
ucl.ac.uk/spm/software/spm12/) and MATLAB R2020b. Please
refer to Chapter 4.1 in the supporting information for details of
fMRI acquisition and preprocessing. In a general linear model
for the first-level statistics, we defined stimulus onset, feed-
back onset, missing onset and the six movement parameters. To
model stimulus onset, we used the trial-by-trial choice proba-
bility estimated in the winning DU-2pa-model—a function of
the relative expected values of both stimuli. Thus, the higher the
choice probability, the larger the difference in expected values.
Therefore, choice probability can be interpreted as confidence
in the following choice. Additionally, we computed a paramet-
ric regressor that represented trials that could be predicted by
the model with only below-chance accuracy (<50%) to remove
variance associated to poor model fit [11]. To model feedback
onset, we computed individual SU- and DU-PE such that we
can differentiate between the neural correlates of actual and
inferred feedback [13]. The DU-PE regressor was built by the
DU-PE subtracted by the SU-PE to investigate brain activation
that is unique for inferred feedback. We used the winning DU--
pa-model and the respective SU-model to compute PEs. In both
cases, we fixed reinforcement sensitivities to —1 and 1 in order to
separate effects of the learning rate and reinforcement sensitivi-
ties, and to avoid problems with the estimation of the correlation
between the BOLD signal and PEs [37]. At second level, we com-
puted a full-factorial design with acquisition wave as within-
subject factor and the first-level contrast images as dependent
variables to investigate the main effects of choice probability,
SU- and DU-PE.

To investigate the neural correlates of PReL, we focused on
theoretically relevant regions of interest (ROIs) identified from
the main effects. Signal extraction was performed using SPM's
eigenvariate feature, with an 8-mm sphere defined around the

peak coordinates from the main effect analysis. Mixed-effects
regression models were employed to examine developmental
trends in the ROI signals. Mirroring the structure of the be-
havioural analysis, we first applied latent growth curve models
(LGCMs) with ROI signals as time-varying predictors to explore
cross-sectional associations between alcohol use and neural pro-
cessing during PReL. Longitudinal associations were assessed
by correlating cumulative alcohol consumption with changes in
ROI signals between ages 14 and 18.

In previous studies, we highlighted the issue of fMRI reliability
in longitudinal research, demonstrating that prominent group-
level effects might not always stem from reliable individual-level
signals [38, 39]. Evaluating reliability is crucial, especially when
investigating interindividual differences, such as parameters
associated with alcohol use. Therefore, we computed intraclass
coefficients (ICC) for the extracted ROI signals as a common
measure of fMRI reliability [40]. To ensure that reliability values
were not solely driven by developmental trajectories (e.g., low
reliability due to significant changes), we also computed split-
half reliability.

3 | Results
3.1 | Behavioural Results

Our primary research objective was to explore the relationship
between PReL and drinking behaviour during adolescence. To
gain a comprehensive understanding of this association, we first
examined the developmental trajectories of these variables.

3.1.1 | Development of Alcohol Use

Our previous studies demonstrated that participants’ alco-
hol consumption increased from adolescence to young adult-
hood (e.g., [28]). At the beginning of the study, one half of the
14-year-old participants had not yet been drinking. The aver-
age total AUDIT score (8=1.66, z=12.21, p<0.001) as well as
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grams alcohol drunk per week (f=23.52,z=7.58, p<0.001; see
Table 1 and Figure 3) increased significantly. Although 95% of
the participants drank at age 18, only 7% of them reported a total
AUDIT score of 8 or higher. Because a total AUDIT score higher
than 8 represents hazardous alcohol use, we consider our sam-
ple to be low-level drinkers [27].

3.1.2 | Development of Behaviour in the PREL Task

For the evaluation of PReL performance, we looked at obtained
reward, number of contingency changes, and accuracy, and how
these parameters changed over time (see Figure 3 and Table S1
for descriptives). On average, participants gained 3.77€ and the
gained reward did not increase over time (=0.09, z=1.02,
p=0.310). Participants completed the task with an estimated ac-
curacy (proportion of optimal choices regardless of actual feed-
back) around 0.6, with 0.5 being chance level. Accuracy did not
increase over time (OR=1.02, z=1.40, p=0.160). The number
of contingency changes increased significantly from 6.5 to 7.6
over the course of the study (8=0.13, z=4.13, p<0.001). Thus,
participants completed a more challenging version of the task
in subsequent sessions with consistent accuracy, indicating an
upward trend in performance. However, caution is warranted
due to the absence of correlation across sessions for each of these
performance measures (see Table S2).

In addition, we examined the stay-switch behaviour of partici-
pants in terms of the probability of repeating the choice made
in the previous trial (stay probability) following a win and a
loss (see Figure 4). The probability to stay increased over time

(OR=1.25, z=4.83, p<0.001). The probability to stay after a
win (around 0.94) was higher than the probability to stay after a
loss (around 0.55; OR =3.63,z=17.15, p<0.001). The interaction
between time and feedback valence was significant (OR=1.16,

1.00

0.75

- after win
- after loss

Probability to stay
o
a
o

0.25

0.00

14 16 18
Age in years
FIGURE 4 | Development of the probability to stay separated by
previous feedback. All values were estimated by mixed-effects models.
Thin: individual development. Thick line and error bars: average devel-
opment with standard deviation.
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- [0
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FIGURE 3 | Development of alcohol use and performance measures. Upper row: development of alcohol use over time measured by Alcohol Use
Disorder Identification Test (AUDIT; [27]), the proportion of participants drinking at all (light grey), and the cumulative alcohol consumption (CAC)

in gram alcohol over the four study years. Lower row: development of task performance measured by estimated accuracy, obtained reward, and the

number of contingency changes. Grey: individual development. Black line and error bars: average development with standard deviation.
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z=13.94, p<0.001). That is, the increase of stay probabilities after
losses was more pronounced than after wins. This can be inter-
preted as an adaptive behaviour, since higher stay probabilities
were associated with a higher number of contingency changes
cross-sectionally (r=0.318-0.542, p <0.001).

3.1.3 | Development of Computational Parameters

Model comparison revealed that the reinforcement-sensitivity
DU-model with one learning rate o and two reinforcement sen-
sitivities p, ;, and p,, . fit the data best (see Table S6 for descrip-
tives and correlations of computational parameters). The higher
the learning rate «, the faster participants learn. Learning rate
increased significantly from 0.61 to 0.64 (8=0.02, z=3.73,
p<0.001, see Figure 5). Thus, participants learned faster over
the course of the study. Higher learning rates were mainly re-
lated to a lower probability to stay after a loss (see Table S7 for
correlation of computational parameters and behaviour).

Reinforcement sensitivity reflects how a participant subjectively
perceives the magnitude of a reward or loss. An increase in ab-
solute reinforcement sensitivity amplifies the perceived value of
feedback. The value 1 represents the actual reward value, i.e.,
the reward value is perceived as it is. Please note that in the
computational model, estimated reinforcement sensitivities in-
clude the feedback value, thus p . is mostly positive and p, . is
mostly negative (see Table S6). To ease interpretation, we used
absolute reinforcement sensitivities for the following analyses.
Overall, absolute reinforcement sensitivities are higher for wins
(2.36-2.62) than for losses (0.66-0.77), thus our participants are
more sensitive towards wins. Reinforcement sensitivity for wins
increased over time (§=0.13, z=2.93, p=0.004), i.e., partici-
pants became more sensitive for wins. Reinforcement sensitiv-
ity for losses decreased over time (8=0.06, z=3.78, p<0.001),
which means values approached zero. Thus, participants became

less sensitive for losses over time, which reflects the increasing
probability to stay after a loss.

3.1.4 | Associations of PReL Behaviour and Drinking

Our study aimed to examine whether poorer PReL is associ-
ated with increased alcohol use during adolescence. In a cross-
sectional analysis, we utilized LGCMs with PReL parameters
included as time-varying covariates. In total, we computed
seven LGCMs for the estimated accuracy and stay probabili-
ties as well as the computational parameters learning rate and
reinforcement sensitivities (see Figure 6). To test longitudinal
effects of alcohol use, we computed the correlation between
changes in behavioural and computational PReL parameters
and cumulative alcohol consumption over the study period.

The results of our analyses indicated that there was no signif-
icant cross-sectional association between PReL and AUDIT
scores (see Chapter 3.2 in the supporting information for de-
tailed results of each computed LGCM). Furthermore, no signif-
icant correlations were observed between alcohol exposure and
changes in PReL measures, suggesting the absence of a longitu-
dinal association (see Table S8). These findings suggest that low-
level drinking did not influence PReL behaviour, nor was PReL
behaviour associated with alcohol use.

3.2 | fMRI Results

3.2.1 | Main Effects and Developmental Effects on
Choice Probability and PEs

As before, we first analysed the main and developmental effects
in the fMRI data to establish a clearer basis for the subsequent
investigation of the associations between drinking behaviour

0.8 5

0.6 I—"’"'I’”—I

Learning rate

(@)

S

w

N

0.2

Reinforcement sensitivity rho for wins
Reinforcement sensitivity rho for losses

-

14 16 18 14
Age in years

Age in years

16 18 14 16 18
Age in years

FIGURES5 | Development of computational parameters. Learning rate « on the left, absolute values of reinforcement sensitivities o, in the mid-

dle and p,, in the right panel. Grey: individual development. Thick black line and error bars: average development with standard deviation. Thin

black line: reference line for actual reward value of 1.
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AUDIT total score (Alcohol Use Disorder Identification Test) separated by age. The behavioural parameters are estimated values from mixed-effects

models. Learning rate and the reinforcement sensitivities o, ; and p, . are extracted parameters from the computational model.

and neural signals. Main effects were consistent with the ex-
isting literature. In the following, we summarize the main
effects, please refer to Chapter 4.2 in the supporting informa-
tion for the complete results table (T-contrast over all sessions,
PrwE-corrected < 0-05, cluster size k>50). Choice probability was
computed within the computational model as the ratio of ex-
pected values and represented how certain subjects are about
their upcoming choice. As depicted in Figure 7, higher choice
probability elicited higher activity among others in ventromedial
prefrontal cortex (VmPFC, T=13.26, Pry s correctea < 0-001) and
posterior cingulate cortex (PCC, T=14.53, Py r_correctea < 0-001).
The SU- and DU-PEs as parametric modulator of feedback onset
were positively associated with striatal activity (SU:T=14.88,
PrwE-corrected <0.001, DU:T=6.18, Prwe-corrected < 0'001)
and negatively associated with the insula (SU:T=13.84,
Prwi-correcied < 0-001, DU:T=6.87, poppr .o <0.001) and me-
dial frontal gyrus (SU:T=9.90, Prywr correctea < 0-001); Whereby
double-update effects are smaller (see Figure 7).

To investigate the developmental trends of the main effects, a
mixed-effects regression was computed on 11 regions of interest
(ROI): the vmPFC and PCC for the choice-probability signal, the
left and right striatum and insula for the SU- and DU-PE signal,
and the MFG for the SU-PE signal (see Figure 7 and Table S17 for
a complete list of main effect results). The SU-PE signal in the left
insula was significantly increasing over time (=0.12, z=2.05,
p=0.041) and the SU-PE-signal in the left striatum was signifi-
cantly decreasing over time (§=—0.35, z=—4.97, p<0.001).

3.2.2 | Association of Drinking and Neural Correlates
of Choice Probability and PEs

After establishing the main and developmental effects, we inves-
tigated whether neural processing during the PReL task could

provide insights into the association between PReL and alco-
hol use. To this end, we computed latent growth curve models
(LGCMs) with intercept and slope for the AUDIT scores, using the
signal in the above defined ROIs as a time-varying predictor to ex-
amine cross-sectional associations. We found two significant asso-
ciations between brain signals and AUDIT at age 16: SU-PE signal
in MFG (f=-0.179, p=0.026, CI=[—0.336, —0.022]) and DU-PE
signal in the right striatum (8=0.148, p=0.017, CI=[0.026, 0.270],
see Figure 8). That is, participants who drink more at age 16 re-
cruit less frontal activity during feedback processing for the cho-
sen option, whereas their striatal activity is higher during feedback
processing for the unchosen option. Please refer to Chapter 4.6 in
the supporting information for the complete LGCM results.

Additionally, we computed correlation between the cumulative
alcohol consumption and difference scores of ROI signals to
estimate the longitudinal effect of alcohol on PReL process-
ing. Interestingly, we see positive correlations of cumulative
alcohol consumption with differences in PE-SU-signal (right
striatum: r=0.177, p=0.035; right insula: r=0.186, p=0.026)
but negative correlations with differences in PE-DU-signal
(right striatum: r=—0.253, p=0.002; striatum left: r=-0.193,
p=0.021; left insula: r=-0.229, p=0.006; see Table S31 for
complete correlation results). It can be concluded that alcohol
consumption might slow down the decrease in striatal activa-
tion and promote an increase in insular activation during the
updating of the chosen option. Conversely, cumulative alcohol
consumption could promote the decrease of striatal and insular
activation during the update of the unchosen option.

3.2.3 | fMRI Reliability

In previous studies, we have shown that robust fMRI main ef-
fects on the group level are not necessarily a result of reliable

80f13

Addiction Biology, 2025



prediction error

single-update

double-update

choice probability

FIGURE 7 | Main effects for prediction error (PE) and choice probability. Depicted are T-values with pp;,.. ... .. <0.05 at the peak, without clus-
ter threshold. For each contrast, 8-mm spheres at the peak are marked in light and dark red for PE and yellow for choice probability.
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FIGURE 8 | 95% confidence intervals of the LGCM estimates for neural correlates of probabilistic reversal learning (y-axis) as time-varying pre-
dictors of AUDIT total score (Alcohol Use Disorder Identification Test) separated by age and the respective contrast of interest. The single-update
prediction error in the MFG region of interest (ROI, red) was negatively associated with AUDIT scores. The double-update prediction error in the
right striatum ROI (dark red) was positively associated with AUDIT scores. MFG: medial frontal gyrus; PCC: posterior cingulate cortex; vmPFC:
ventromedial prefrontal cortex.

signal on the individual level [38]. Hence, we computed ICCs ROI with an ICC higher than 0.2, longitudinally and averaged
for the extracted ROI signals used in the LGCM analyses (see across split-half reliability of each wave. Especially the subcorti-
Table S33). The MFG ROI from the SU-PE contrast was the only ~ cal ROISs (insula and striatum) showed very low ICCs, which is
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in line with previous literature (e.g., [39]). Notably, the split-half
ICCs varied a lot between waves, which itself is an indicator for
the low reliability of the data.

4 | Discussion

This longitudinal fMRI study investigated the association be-
tween PReL and alcohol use in adolescents aged 14 to 18. During
the study, alcohol use among participants increased, but re-
mained predominantly low-level. We observed reduced medial
frontal activity associated with updating the chosen option and
increased striatal activity associated with updating the unchosen
option in those who drink more. In contrast to our expectations,
no associations were found between drinking and performance
measures, probabilities for repeating choices, or computational
parameters.

4.1 | PReL and Drinking

By means of fMRI, we showed that lower medial frontal activity
evoked by the SU-PE was associated with more drinking at age
16. The results support the notion that increased (or addicted)
alcohol use is associated with diminished frontal activity or dis-
rupted frontal-striatal coupling [6, 7, 14]. In a similar vein, the
DU-PE-signal in right striatum was positively associated with
drinking at age 16. However, PE-signal in the ventral striatum
did not differ between patients with alcohol dependence/AUD
and controls [6, 7, 14]. The analysis of cumulative alcohol con-
sumption revealed that alcohol use might have inverse effects
on the development of neural correlates of SU and DU. Most
prominently, we see that the found decrease in striatal activa-
tion during the update of the chosen option might be slowed
down in those who drink more. In sum, associations between
neuronal correlates of PReL and drinking were only found
cross-sectionally at the age of 16, while we found indications of
a longitudinal effect of alcohol exposure on the development of
feedback processing. These associations were small and might
become more relevant also for the actual behaviour with higher
alcohol use. However, neither behavioural nor computational
PReL parameters were associated with drinking in our sample.
Assuming that low-level alcohol consumption does not lead to
many negative consequences, the processing of such and result-
ing actions might be rather relevant for higher levels of alcohol
use, as shown in AUD patients (e.g., [7]). The rarity of high-level
drinking in our sample may explain that we did not find any be-
havioural association. However, caution is warranted because
the reliability of accuracy is very low which limits its potential to
identify associations with other variables (see Table S3; [41]). The
reliability of computational parameters was higher compared to
the behavioural outcomes, which makes them more suitable for
research of inter- and intraindividual differences. Nevertheless,
we could not find evidence for an association of computational
parameters and drinking, which is in line with one patient study
[14]. Other studies, however, found differences in learning rates
or DU-weighted learning especially from negative feedback be-
tween patients and controls [7, 42]. Our data did not permit us to
reproduce these specific findings regarding punishment learn-
ing (rate), as our computational model does not differentiate the
learning rate for wins and losses.

4.2 | Development of PReL During Adolescence

Measured by an adaptive PReL task, participants achieved more
contingency changes over time by increasing their stay probabil-
ity, i.e., more consistent behaviour. Computational modelling re-
vealed that participants learned faster and became more sensitive
to wins and less sensitive to losses over time. According to simu-
lation results, increased learning rate and decreased sensitivity to
losses can be seen as an adaptive progress since they lead to higher
accuracy (see Figure S6). Our results were mostly in line with a
cross-sequential study of PReL in 12- to 45-year-old participants
that reported better PReL in older participants attributed to a rel-
atively higher sensitivity to wins than to losses, resulting in fewer
switches after losses [11]. This evidence, taken together with the
finding that adolescents learn faster from negative feedback than
adults [16], suggests that one aspect of RL development is the shift
of the feedback focus. Specifically, the older the participants, the
less they seem to focus on negative feedback. Using fMRI, signif-
icant change could only be identified in the SU-PE signal, which
contrasts with studies finding no age effect on PE signals [11, 19].
Signal in the left striatum and insula developed in an inverse man-
ner, with striatal signal decreasing significantly and the insular
signal increasing significantly. However, caution is warranted
while interpreting the developmental trajectories of the subcortical
signals given their low reliability discussed below.

4.3 | Limitations

First, the low reliability of subcortical signals in our data war-
rants caution in interpreting developmental trajectories and
associations with drinking. Although we would not anticipate
high reliability given the expected change over time, we still
believe that a near-zero reliability hinders the interpretation of
developmental trajectories. The community started to collect ev-
idence about approaches that may increase reliability, including
increasing between-subject variability, multilevel models, con-
siderations for fMRI designs such as low reliability of difference
and parametric contrasts, and potential focus on cortical com-
pared to subcortical ROIs [31, 43-45].

Second, our implementation of the PReL task is notably chal-
lenging, as indicated by accuracies hovering around 60% (with
50% as chance level), and it becomes more difficult as partici-
pants perform better. Recent studies have adopted nonadaptive
task versions that are easier for participants, allowing for better
exploration of inter- and intraindividual differences [7, 11, 31].

Third, we cannot clearly separate aging and training effects
here. In fact, simulations have shown that a higher learning
rate leads to higher accuracy. Thus, the developmental increase
in the learning rate could reflect the optimization of task be-
haviour. However, it is questionable whether participants could
adapt their behaviour based on experiences from 2years ago, as
this is the interval between acquisition waves.

Fourth, as noted above, our participants engaged in low-level
drinking during the course of the study. However, the alcohol
consumption of our participants is consistent with a represen-
tative sample of German adolescents and young adults [46].
Additionally, our retrospective assessments capture patterns
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over multiple weeks, but they may not fully reflect short-term
fluctuations in alcohol use, such as binge drinking episodes.
This limitation has been acknowledged in similar studies and
represents a general challenge in longitudinal alcohol research
[28]. Future studies might benefit from using ecological momen-
tary assessment to target these short-term fluctuations as has
been done in recent studies, e.g., linking alcohol consumption
and lockdown measures due to COVID-19 [47].

Finally, it is necessary to consider the issue of multiple compari-
sons when evaluating the effect sizes, given the number of com-
puted tests, especially correlations and LGCMs.

4.4 | Conclusions

This study examined the association between PReL behaviour
and low-level drinking in adolescents. The results suggest that
adolescents become more adaptive learners over time and, not
surprisingly, increase alcohol drinking. However, these trajec-
tories appear to progress independently. Importantly, we found
that less recruitment of frontal networks during feedback pro-
cessing, which might reflect less cognitive control, was asso-
ciated with more drinking. Considering the small effect sizes,
we conclude that PReL, specifically the processing and reaction
to negative feedback, may be more relevant for higher levels of
drinking or even the escalation of alcohol use towards heavy
drinking or AUD. To test this hypothesis, future studies need
larger samples and the consideration of drop-out of potentially
more relevant, i.e., more drinking, participants. Finally, efforts
should be invested in developing and using suitable paradigms
and methods for longitudinal (fMRI) analyses, e.g., by increas-
ing between-subject variance in the data, using multilevel ap-
proaches, and careful definition of contrasts and regions of
interest.
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