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Teenagers have a reputation for being fickle, in both their choices and their
moods. This variability may help adolescents as they begin to independently
navigate novel environments. Recently, however, adolescent moodiness has
also been linked to psychopathology. Here, we consider adolescents’ mood
swings from a novel computational perspective, grounded in reinforcement
learning (RL). This model proposes that mood is determined by surprises about
outcomes in the environment, and how much we learn from these surprises. It
additionally suggests that mood biases learning and choice in a bidirectional
manner. Integrating independent lines of research, we sketch a cognitive-
computational account of how adolescents’ mood, learning, and choice dynam-
ics influence each other, with implications for normative and psychopathological
development.

Mood dynamics in adolescence

From falling in love for the first time (whether reciprocated or not), successes and failures at
school, the risk of being rejected by peers, to the joys of spending time with friends on the
road to independence from one’s parents, the period of adolescence is full of emotional ups
and downs. Adolescence is also linked to puberty, a time of dramatic biological reconfiguration,
with neural and hormonal changes that are associated with changes in mood and affect [1,2].
Accordingly, adolescence is often referred to as a period of ‘storm and stress’ and the notion of
a ‘moody adolescent’ is paramount in folk wisdom. While mood changes are commonly
regarded as a normative aspect of teenage development, pronounced mood swings, which
we refer to as enhanced mood variability (see Glossary) and mood instability, have come
into focus as an important risk factor for the development of psychopathology [3-6]. Indeed,
adolescence is a markedly vulnerable phase, in which many mental health problems show
their onset [7,8].

Here, we consider adolescent mood swings in light of recent advances in computational neuro-
science, which have proposed RL as a computational basis of mood instability [9,10]. These the-
ories emphasize that emotional states in health and psychopathology are affected by learning and
that emotional states, in turn, bias learning processes themselves. Recent studies in adults have
revealed insight into the biological basis of such mood-learning dynamics [9-17] (Box 1). Intrigu-
ingly, this also revealed implications of computational mood theories for real-world emotions
outside of the laboratory [18,19].

We first review empirical evidence for the notion that adolescence is characterized by pro-
nounced mood changes. We then outline several computational theories, alongside supporting
empirical evidence, which cast mood instability through the lens of RL algorithms. Finally, we
summarize the empirical state of the art of how sensitivity to rewards, learning from good and
bad outcomes, and choice are altered in adolescents. By amalgamating these three lines of
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Adolescence is believed to be a period of
life where mood swings are pronounced.
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The widespread use of smartphones
now enables the capturing of age-
related differences in mood dynamics in
real life and at a high temporal resolution.

Advances in computational neurosci-
ence have formalized a computational
basis of mood variability grounded in re-
inforcement learning.

Based on this account of mood-leaming
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about how adolescents’ choices are
shaped by learning from the outcomes
of their actions and by emotional con-
texts, we develop a computational
framework of how increased mood
changes arise in adolescence.
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Box 1. Neural basis of mood-learning dynamics

Recent computational studies in adults provided insights into the biological basis of mood-learning dynamics by com-
bining learning tasks and computational modeling of behavior with neural measurements and pharmacological manip-
ulations. An earlier fMRI study sought to unravel the neural correlates of the behavioral finding that RPEs drive mood
changes [12]. The authors found that blood oxygen-level dependent (BOLD) activity in the ventral striatum reflected
both RPEs and subsequent happiness ratings. The ventral striatum receives input from dopamine neurons that encode
RPEs [126,127]. This alignment suggests a potential involvement of dopaminergic RPE signals in shaping mood. In-
deed, research has demonstrated that augmenting dopamine levels through pharmacological means can enhance
the happiness derived from specific types of reward [67]. While RPEs drive changes in participants' mood, mood in
turn drives future expectations and behavior. It has been shown that individuals who report more mood instability in
everyday life and show a stronger mood bias in their choices are characterized by a pronounced neural bias in re-
sponses to rewards in the striatum and other regions of the valuation network of the brain, including the ventromedial
prefrontal cortex (vmPFC) [9]. In a recent study, the vmPFC and anterior insula were shown to reflect separate compo-
nents of mood and to have independent effects on subsequent decision-making [13]: high vmPFC activity was posi-
tively correlated with mood and promoted risk-taking by emphasizing potential gains and higher insula activity was
negatively correlated with mood and attenuated risk-taking by overweighting potential losses. These fMRI findings
were corroborated by a study using intracerebral EEG to show that broadband gamma activity, in the vmPFC and
the dorsal anterior insula, was associated with high and low mood, respectively. At the same time, this activity was pre-
dictive of increased versus tempered risk-taking by biasing the evaluation of the prospects of gains versus losses [14].
A pharmacological intervention study used selective serotonin reuptake inhibitors along with an experiment to probe
mood-learning interactions in healthy adults. This revealed that serotonin enhanced a mood bias by boosting an im-
pact of positive affect on RL [16]. Notably, these insights are derived from studies in adults. Given that the human re-
ward system matures during adolescence [128], an exciting avenue for future research will be to pinpoint the neural
correlates of mood-learning interactions in the developing brain.

largely independent research, we propose a computational account of how moods and learning
might influence each other in adolescence. Considering the substantial heterogeneity in findings
in the field of adolescent emotional development, we propose that adopting a computational
perspective enables more precise definitions of adolescents’ moods and emotions, as well as
variability therein.

Mood fluctuations and emotional reactivity in adolescence

Several age-comparative studies using ecological assessments (Box 2) find more frequent mood
changes, operationalized as mood variability and mood instability, particularly in mid-adolescence
compared with early [20,21] or late adolescence [21,22]. Of note, there is evidence for more pro-
nounced mood variability in girls than in boys [20-23]. The absence of an age effect in studies includ-
ing late adolescents in their sample [24,25] might indirectly support findings that mood variability
stabilizes toward later adolescence [26] or young adulthood [27]. A decrease in mood variability
and mood instability is also observed in longitudinal studies [3,23,28,29]. In sum, despite inconsis-
tencies in measurement and terminology, and perhaps a surprising scarcity of studies, evidence
points toward elevated mood variability in adolescents compared with adults.

This variability has been suggested to have an adaptive function, where flexibility toward social-
affective stimuli allows adolescents to adequately respond to social demands during adolescence
[80-32]. However, there is also evidence that pronounced mood fluctuations are linked to psy-
chopathology. This supports the notion that some variability, in the sense of socioaffective flexi-
bility [30], may be adaptive, but too much may be detrimental [32]. Longitudinal evidence
shows that measures of mood instability and variability predict negative outcomes, such as the
development of delinquency [3], anxiety, and depressive symptoms [28], as well as negative
child—parent interactions [33] across adolescence. Emotional instability is also a key trans-
diagnostic symptom of several mental health problems, including affective disorders [34], atten-
tion deficit-hyperactivity disorder (ADHD) [32], and borderline personality disorder [24,35]. In
patients, measures of mood instability differentiate between diagnostic entities [35], and were
shown to predict not only psychopathology [36,37], but also treatment response [35].
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Box 2. Opportunities and pitfalls of measuring adolescents’ mood dynamics

There is considerable heterogeneity in both the methods by which mood dynamics are assessed and the terminology used
to refer to mood changes [119,120].

One method to assess trait mood fluctuations are questionnaires, asking individuals how often their mood normally
changes [129,130]. This relies on not only participants’ introspective abilities concerning their present state, but also their
retrospective memory of, and ability to infer, changes in emotional state. Problematically for age-comparative studies, in-
trospection [131] and biases in retrospective memory differ between age groups [132].

Time-series data (i.e., repeated within-person measures) can be used to compare the current emotional state across mul-
tiple measurements. Here, participants report on their current mood, but do not draw direct conclusions on its dynamics.
The latter is instead modeled by the raw within-person mood ratings. Commonly used methods include e-diaries (sam-
pling once daily) and ecological momentary assessment (EMA, higher-frequency sampling in daily life).

E-diaries do not require a portable device to assess mood dynamics. However, participants need to remember a larger time
frame (e.g., the previous 24 h). Many findings we summearize in the main text are based on e-diaries [3,28,29,33,133-135].
Reassuringly, recent studies have shown satisfying correspondence between e-diary and EMA [136].

Today, 95% of US teenagers have access to a smartphone'. Hence, smartphone-based EMA has become a viable option
for assessing teenagers’ mood dynamics in real life [23,29,36,53,119,133]. EMA is typically conducted through a smart-
phone application where participants are asked several times a day to rate their current mood [137]. Although EMA is rel-
atively burdensome, it provides insight into within-person dynamics and immediate, or close to, real-time, emotional
reactions to events. It enables integration with psychophysiological data [137] or parallel assessment of two dynamic con-
structs (e.g., mood and self-esteem interactions). EMA also helps to quantify different aspects of mood changes
(e.g., mood variability vs. instability).

A higher degree of standardization is needed to improve the comparability between studies [119]: little agreement
exists to date on timing intervals and/or frequency of questions, the handling of missing values, and participant in-
structions. Additionally, EMA scales are often not validated with regard to their psychometric properties [119,137].
Recently, concerns have been raised with respect to the internal validity of EMA ratings due to possible population
and moment-selection biases, as well as because being asked to rate one’s subjective experience for a research
study might alter participants’ responses (see [138] for more detail). A plethora of different measures for mood dy-
namics have been suggested [35,119,136], and recent validation studies caution against using these methods as
universally interchangeable [136].

Neuroimaging studies point toward higher emotional responsivity during adolescence

In the developmental literature, emotional reactivity has often been operationalized as amyg-
dala activity in response to emotional faces. The latter has repeatedly been shown to peak in ad-
olescence [38-40] or to decrease from childhood to adulthood [41,42], even though results are
partly mixed [41,43]. A limitation is that these studies mostly focus on socioaffective context
and social stimuli [38,41,44-46]. Additionally, the practice of equating amygdala responsivity
with emotional reactivity, often without assessing explicit emotional experiences, may be consid-
ered problematic [47].

Determinants and consequences of emotional reactivity and mood fluctuations in adolescence
Overall, the results presented above indicate a decrease in mood variability, instability, and emo-
tional reactivity from adolescence to adulthood, with a potential peak during mid-adolescence.
Although these findings are preliminary, they fit well with a general picture of biological and psy-
chosocial development during adolescence. For example, the development of adaptive emotion
regulation strategies has been shown to mature during adolescence in some studies [46,48-51].
However, there is heterogeneity in findings [52-54].

On a neural level, enhanced emotional reactivity in adolescence is classically interpreted within
dual-system [55,56] or maturation-imbalance [57] models. A common feature of these models
is that they assume an asynchronous maturation of a socioemotional (subcortical limbic-striatal)
system and a cognitive-control (prefrontal executive) system, with the former maturing earlier
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Glossary

Choice stochasticity: refers to
randomness in choices. If stochasticity is
high, decisions are taken irrespective of
learned expected values. If stochasticity
is low, choices favor the option with the
highest expectation to gain a reward.
High stochasticity can be due to poorly
learned/memorized values or to a high
rate of change in the environment. In
such volatile environments, it is
advantageous for learners to re-evaluate
options that were initially less favorable,
allowing them to assess whether the
option has gained value over time [112].
Emotional reactivity: corresponds to
reaction toward affective stimuli and is
equal to the difference between mood
baseline and mood after an emotional
event:

Aemotion = I aﬁnQafterevent I aﬁngbase//he

U

Emotions (vs. moods): emotions are
commonly described as transient,
lasting mere moments to minutes,
while moods are characterized by a
longer duration. Using an RL frame-
work, mood and emotions can be
regarded as similar phenomena
occurring on different

timescales. Based on this framework,
moods are constructed via a temporal
integration of recent outcomes. The
time constant of integration is deter-
mined by the mood update rate
parameter, which is between O and 1. If
it equals 1, then only the most recent
event factors into the resulting emo-
tional state, in which case the term
‘emotion’ would be more appropriate,
whereas a lower update rate would be
more appropriate to describe mood
(see [10] for more detail).

Mood fluctuation: serves as a
superordinate term for various measures
of mood swings, such as variability and
instability.

Mood instability: captures not only
the range of mood ratings, but also the
frequency and extent of the single
changes between subsequent ratings.
For example, the change between
ratings that are 2 h apart can be
drastic in some cases and minimal in
others, which we would not neces-
sarily detect by examining the stan-
dard deviation. Thus, quantifying
mood instability requires a separate
calculation, which can be
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than the latter. Indeed, connectivity between frontal regions and the amygdala has been shown to
mature over adolescence, which is linked to the development of emotional stability [58,59].

Finally, a substantial physical and hormonal reconfiguration during puberty might account for var-
iance in mood development [60,61]. At the same time, there is evidence that emotional instability
is modulated by environmental and social influences, such as parental acceptance [62,63].
Larger mood variability could also be a consequence of the individuation process an adolescent
undergoes by becoming independent from parents and spending more time with peers [30-32].
Thus, developmental trajectories are likely highly individual and still very flexible in response to en-
vironmental changes.

Mood instability in adolescence through the lens of RL algorithms

RL models formalize a process of evaluating actions based on whether they result in good or bad
outcomes [64]. Here, we outline how these models can be utilized to gain mechanistic insight into
mood fluctuations among adolescents.

Mood reflects surprise toward unexpected outcomes
At the heart of RL models is the reward prediction error (RPE), the difference between a received
outcome and an expected outcome. For example, when receiving a ‘like’ from someone you
thought would not like you [65], an RPE elicits activity in dedicated dopaminoceptive brain
areas suggested to comprise the ‘reward system of the brain’ (Box 1). In RL, RPEs drive the learn-
ing process through which expectations are updated.

Only recently have studies begun to expand the scope of RL to include the dynamics of moods
and emotions [66] (see [10] for a detailed treatment of how mood and emotions can be defined in
RL terms). These studies revealed that mood fluctuations are contingent not only on the valence
of outcomes (‘good vs. bad’), but also on how surprised individuals are by the outcome of their
actions (i.e., by RPEs) [12,15,17,67,68]. RPEs can indeed elicit rapid mood changes, for exam-
ple, when one’s soccer club loses unexpectedly [12,18,19]. A recent study amended this work
by showing that it might not be the RPE per se, but the magnitude of the change in expectations
(i.e., the learning rate multiplied by the RPE; Box 3) that alters mood [10,11]. In this framework,
mood changes would be mostly driven by surprising outcomes that change our expectations
about the environment (e.g., a surprising ‘like’ on social media that | attribute to my new haircut),
rather than by outcomes that are interpreted to be chance events (e.g., a surprising ‘like’ on social
media | attribute to a mis-click) [10,11]. Note that, under an RL account, internal states or thoughts
(in the sense of simulated experience [69]) can affect mood in the same way as external events.

Novelty and volatility in adolescents’ environments provoke prediction errors and mood instability
RL models have become immensely popular for characterizing behavior and brain activity in
health and disease, but have only recently begun to be applied across development [70,71].
Using quantitative theory-driven RL models enables researchers to make specific predictions
about the age-dependent development of constituents of distinct learning and choice processes
[72] that are otherwise not directly measurable [73]. They also allow researchers to test whether
different cognitive processes underlie behavior in different phases of development by group-
specific model selection and model comparison approaches [74,75].

Earlier computational studies suggested that adolescents show heightened RPE or punishment
prediction error responsivity, measured by enhanced neural reactivity to events that are better or
worse than expected [76-78]. Under an RL account of mood, these stronger RPEs in adoles-
cents lead to stronger mood changes, a mechanism that might explain the pronounced mood
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implemented as the mean of the
squared successive differences:

ST (Xt — )

MSSD = S I

Mood variability: describes the range
in which mood changes occur. In
repeated measurements, it captures the
extent to which the single ratings deviate
from the overall average, irrespective of
the temporal order. Mathematically, it
corresponds to the standard deviation:

s =
SD— 2l (X[; -X) i

Reinforcement learning (RL):
computational theory to describe the
process of how expectations and
actions are shaped based on outcomes
from the environment. Future
expectations are updated based on the
deviation between previous
expectations and the actual (perceived)
outcome, called prediction errors.
Several parameters can modulate an
individual’s learing predispositions,
such as leaming rate, stochasticity,
reward sensitivity, or choice biases.
Volatility: the rate of change of values in
the environment. When volatility is
higher, the organism is more uncertain
about the value of a choice option
(because the ‘true’ value has fluctuated
more in their learing history); thus, the
learning rate increases.
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Box 3. Simulating hypotheses about adolescent mood dynamics using a computational model of
mood-learning interactions

The computational model of mood-learning interactions is described and validated in [11]. It represents a modification of a
standard RL model to account for the effects of mood on valuation. Standard RL models build expectations; that is, learn
the expected value (Q), by updating it according to a RPE [the difference between an expected (Q) and an obtained reward
(R; RPE =R - Q)). Here, we replace R (the actual outcome) with a perceived reward term:

rewardpercewed = rewardactyal ><f mood [l]
When f = 1, the actual reward is equal to the perceived reward.

When f>1, the reward is amplified congruent to mood: rewards are perceived as better than they are in good mood and as
worse in bad moods.

When subtracting the expected value from the perceived reward, we get the RPE.

RPE = rewardperceived — ValuCexpected mn

Mood reflects the RPE history. The step-size parameter rj, modulates the extent to which mood is updated based on re-
cent RPEs. Note that if rj, = 1, only the most recent event contributes to the emotional state. According to common psy-
chological concepts, the term ‘emotion” would be more adequate for this scenario, whereas a lower mood update rate
would correspond to the concept of mood:

historygee = historygpe + 11 x (RPE - historygpe) (I

where

mood = tanh (historygpg) (V]
restricts mood to the range of [-1;1].

The expected value of the stimulus is updated every trial by the RPE and the parameter 1, (value learning rate).

valu€expected (V) = Valu€expected (V) + 1, x RPE V]

Given that some environments are less determinant, a noise parameter reflects a degree of stochasticity of the reward.
This parameter determines the range of a stochastic, uniformly distributed reward, centered around rewardmagnitude:

rewardaetual = uniform(1— p; 1 + p] x rewardmagnitude v

We simulate trial-by-trial expectations, RPEs, and mood by determining the reward in each single trial ¢. In total, this model
includes three free agent parameters (15, 17,, and f) and one free environment parameter (o) governing the individual mood-
learning dynamics of participants.

variability observed in adolescents. However, the empirical evidence for whether adolescents ex-
perience RPEs stronger than other age groups is mixed [79-81].

Why would increased variability be expected? An important point to consider is that RL accounts
are built on the basic assumption that an agent takes actions to interact with the environment and
is rewarded or punished in turn (Figure 1D), and that the specific environments adolescents nav-
igate differ from those faced by adults. Adolescence is a period of life where many things are ex-
plored for the first time (e.g., parties, first job, or sexual experiences [82]). For individuals of all age
groups, these are uncertain situations. However, uncertainty might be particularly high in adoles-
cents because they can only draw on a limited repertoire of past experiences. Thus, a typical
adolescent environment is likely to trigger frequent positive and negative RPEs. According to
the RL perspective sketched above, mood dynamics are shaped by such RPEs. Thus, adoles-
cent environments might provoke frequent peaks in both positive and negative emotional states,
which might manifest in enhanced mood variability or instability. Pronounced mood fluctuations in
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Figure 1. Computational model of mood-learning interactions. (A) Bidirectional relationship between reinforcement
learning (RL) and emotional states. Biased RL affects mood. Vice versa, mood can bias perception of reward and
consequently learnt expectations about the environment. (B) Mood bias contributes to mood instability: positive surprises
increase mood, which biases perception positively. An overly positive perception can lead to high expectations and
subsequent disappointment. In turn, negative reward prediction errors (RPEs) decrease mood and bias perception
negatively. To move out of the loop, two conditions need to be met: expectations need to be realistic, and mood needs to
be approximately neutral. (C) Biased RL: calibration of expectation to the environment. During learning about the
environment, mood stabilizes as expectations catch up with actual outcomes encountered in the environment (fewer RPES).
(D) Interaction between the RL processes and typical environment of adolescents. An interaction of adolescents’ biased RL
and mood bias with their typical environments might underlie enhanced mood instability. Hypothesized mood and learning
parameters, as well as environmental conditions that, under an RL model of mood-learning interactions, might explain
enhanced mood instability in adolescents, are shown in speech bubbles.

this age group might reflect an enhanced ability to respond appropriately to a volatile context by
cycling in and out of various affective states and intensities of affect [30].

Mood biases how outcomes are perceived

Importantly, the RL model of mood-learning interactions [66] is bidirectional (Figure 1A). Not only
do RPEs alter mood, but mood also biases how outcomes are perceived: when mood is high, a
subsequent reward will be perceived as higher (akin to ‘rose-tinted glasses’), whereas low mood
makes rewards appear worse (mood bias; Box 3 and Figure 1A,B). In turn, mood-biased RPEs
influence further learning, giving rise to expectations that may either be too optimistic (in the
case of a positive mood) or too pessimistic (in the case of a negative mood).

In this framework, mood, and a moderate mood bias, are adaptive: positive versus negative
mood signals a general increase or decrease in reward availability in the environment,
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respectively. Imagine a group of peers that a teenager has previously found congenial, but in
which they suddenly face hostility from certain group members. Reacting with particularly low
mood in response to these unexpected negative social experiences would bias the perception
of subsequent social interactions, also with other members of the group, in a negative direction.
Such mood-driven generalization enables the teenager to efficiently learn to avoid the whole
group. As adolescents often influence each other [83], the entire group may have turned hostile,
such that avoiding it protects the teenager from further experiences of exclusion and enables the
exploration of friendly social environments. Rewarding social interactions with a new peer group
then elicit particularly strong positive RPEs (due to negative expectations formed by the hostile
peer group), which in turn elevate mood and favor spending time with the more benevolent
group. Under this model, mood is in homeostasis once expectations catch up with perceived out-
comes: our teenager’s mood should normalize after having integrated into the new peer group
(Figure 1C). This example is deliberatively reductive and misses other factors (e.g., self-es-
teem, socialization, or self-control) that will influence the adolescent's reactions. However,
it illustrates that mood instability is adaptive by signaling the varying availability of rewards
in the (social) environment and by helping to adapt quickly to changing environmental de-
mands. Indeed, in simulations, agents with a mood bias show more adaptive behavior com-
pared with agents with stable neutral mood [84], and mood biases decisions across many
different scenarios [85].

Mood instability arises when expectations do not catch up with outcomes

The RL model discussed above also implicates scenarios where these mood-learning interac-
tions might go awry. This is the case when, as learning progresses, expectations do not catch
up with perceived outcomes, or deviate even further (Figure 1B). This might happen in at least
two different ways. One possibility is that the influence of mood on valuation (mood bias) is pro-
nounced (see Figure 2A for simulation). The other possibility is that biased RL gives rise to mood
fluctuations (see Figure 2C for simulation). To derive a framework of how pronounced mood
changes arise in adolescence, we consider both these routes here in light of what we know
about how adolescents’ choices are biased by emotional context, and how adolescents learn
from the outcomes of their actions.

Mood instability due to pronounced mood biases

One mode for enhanced mood instability corresponds to an overly strong mood bias in some in-
dividuals. Whenever an individual experiences an unexpected outcome in their learning environ-
ment, an increased mood bias leads to not only hypersensitivity to rewards when mood is high,
but also hyposensitivity to rewards when mood is low. That is, good mood first leads to the learn-
ing of an overly optimistic reward value, which will lead to disappointment (i.e., negative RPEs)
once mood returns to normal. The disappointment will then lead to bad mood, followed by overly
pessimistic learning of reward value, followed by positive surprises (Figure 1B). Computational
simulations of elevated mood biases demonstrate that this oscillatory loop indeed leads to pro-
nounced mood instability (Figure 2A [9]). In the case of our exemplary adolescent who experi-
enced hostility in their peer group, an overly strong mood bias may direct the individual away
from actually friendly groups because even very positive social feedback can still be perceived
as negative when in a low mood. This computational theory was empirically backed up by observa-
tions that adults who self-reported stronger trait levels of mood variability showed stronger
mood biases when choosing between options of which the value was leamed in different moods
[9]. Potentially related to the computational concept of a mood bias, classical accounts of adolescent
decision-making emphasize that an emotional context exerts a particularly strong effect on choices in
adolescence [38,86-88]. This effect has been primarily studied using emotional cognitive control
tasks [89]. In these studies, teenagers are less efficient at overriding affective interference when
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Figure 2. Simulation of a mood-learning interaction based on a reinforcement learning (RL) model. Simulation of
the manipulation of key RL parameters that determine a mood-learning interaction. Fluctuations in mood are visualized in
color (y-axis left: mood), whereas the corresponding dynamics of reward prediction errors (RPEs) and expected values are
plotted in gray tones (y-axis right: RPE and expectations). We simulate 1000 trials (x-axis) of learning about one stimulus,
resulting in 1000 simulated data points for mood, RPEs and expected values. In (A-D), we show the effect of varying the
following parameters while keeping the others constant: mood bias, reward magnitude, mood update rate, and
stochasticity of rewards. The simulation relies on a computational model introduced in [11], summarized in Box 3.
(A) Manipulation of mood bias (1vs. 1.5), while keeping constant reward of 10, mood update rate of 0.1, and reward
stochasticity of 0. A mood bias of 1.5 causes mood fluctuations. The larger the bias is, the longer the intervals are in
extreme high or extreme low emotional states. (B) Manipulation of reward magnitude (set 1 vs. 10), while keeping constant
mood bias of 1.5, mood update rate of 0.1, and reward stochasticity of 0. An increase in the reward magnitude (while
keeping the mood bias >1) leads to larger fluctuations because larger RPEs produce larger mood responses.
(C) Manipulation of mood update rate (0.1vs. 0.8), while keeping constant mood bias of 1.5, reward of 10, and reward
stochasticity of 0. The mood update rate influences the frequency of mood changes. The frequency of mood changes
increases with increasing mood update rate. (D) Manipulation of the stochasticity of reward, by setting p = 0 (no
stochasticity) versus p = 0.5 (high stochasticity), while keeping constant mood bias of 1.5, reward of 1, and mood update
rate of 0.1. In an unpredictable environment (right), mood dynamics are highly noisy. A completely deterministic
environment (left) leads to a stabilization of mood.
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making a choice, in the context of both negative and positive emotions [38,58,86,87,90,91]. These
findings have been influential in the development of leading theories on adolescent behavior. How-
ever, critically, age differences in how mood affects valuation in an RL context have yet to be investi-
gated.

Mood instability due to biased RL

The model of mood-learning interactions also entails that the adaptive function of mood depends on
the integrity of the underlying learning and choice process, which updates expectations about the en-
vironment (Figure 1C). Model simulations show that mood fluctuations can be provoked by an individ-
ual’s sensitivity to rewards and by how well-learnt expectations are calibrated to the environment
(i.e., if a learner’s expectation of what is good and bad in the environment reflects the actual value
of options well). Here, we review how these different ingredients of RL might be altered in adolescents
and consider that, together, they might form biased adolescent RL that contributes to mood fluctu-
ations (Figure 1D).

Higher sensitivity to rewards and punishments leads to mood instability

Higher rewards provoke stronger mood fluctuations under an RL model of mood-learning interac-
tions (Figure 2B). Computationally, this effect is equally predicted if rewards are in fact higher or if
the learner is simply more responsive to the reward. Indeed, there is a rich developmental literature
characterizing hypersensitivity and higher responsivity to reward in adolescents compared with adults
[92-94]. Much of the evidence for this view comes from studies measuring neural correlates of reward
processing; a meta-analysis found that adolescents generally showed an increased likelihood of
reward-related neural activation compared with adults [95]. Further evidence for a peak in reward-
associated behaviors during adolescence comes from self-report questionnaires [96-98]. Such an
emphasis on potential rewards (e.g., money, fun activities, or peer acceptance) may also lead to
risky decision-making by biasing adolescents to choose high-reward, high-risk options
[94,99,100]. Epidemiological observations suggest that, across the globe, adolescence is the
age period when individuals begin to engage in many risk-taking behaviors [94,96]. Addition-
ally, adolescents exhibit greater sensitivity to negative social feedback than do adults [101].
In sum, there is some evidence that adolescents might be subjectively more sensitive toward
both rewards and punishments, potentially rendering them more prone toward mood fluctua-
tions. However, the learning and choice mechanisms underlying this particular adolescent
sensitivity remain to be elucidated.

Higher mood- and value-learning rates lead to mood instability

An important parameter in RL models is the value-learning rate, which controls the extent to
which RPEs are used to update expectations (Box 3). If value learning rates are higher, sensitivity
to the RPEs and, thus, to recent outcomes, is enhanced. In our computational model of mood—
learning interactions, in addition to a value-learning rate, a specific mood-learning rate governs
the updating of mood as a function of RPEs (Box 3). Simulations show that higher mood-learning
rates lead to more pronounced mood fluctuations (Figure 2C). Asymmetries in learning from pos-
itive versus negative feedback are important in this context. In an exemplary scenario, if an indi-
vidual updates negative surprises less than positive surprises, this would lead to overly positive
expectations. In turn, the individual would encounter more negative surprises that are also of
higher magnitude and, thus, suffer from lower mood on average.

What do we know about how learning rates develop across adolescence? The development of
mood learning rates has not been directly researched and we suggest this is an important direc-
tion for future research. However, over the past decade, multiple studies using computational
modeling have tried to characterize how adolescents’ value-learning rates differ from other age
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groups. The results of these studies appear mixed: some researchers found learning rates de-
clined with age [102]. Other work reported no change in learning rates from adolescence to
young adulthood [74], while others reported an increase in learning rates from adolescence, or
from childhood, to adulthood [103,104]. Similar variability in findings is observed when consider-
ing developmental differences in learning rates for positive and negative outcomes
[77,78,103,105-107]. This heterogeneity may be interpreted best in light of the heterogeneity
of task structures used in different studies [108]: a given task structure exposes the individual
to particular environmental demands and this determines whether higher or lower learning
rates [109], or asymmetries in learning from positive versus negative outcomes [110], are adap-
tive. Thus, interindividual differences in how people learn from outcomes in an experimental
task, as reflected in individual RL parameter estimates, may stem from different degrees of adap-
tation to the (task) environment. Consequently, the heterogeneity in empirical findings might re-
flect age differences in this degree of adaptation [71]. Under this assumption, adolescents’
expectations would not be optimally aligned with the environment. Consider an adolescent
who does not use their teacher’s feedback optimally to prepare for an exam and, thus, might,
to their own surprise, underperform in the test. Such a mis-estimation of demands in the environ-
ment leads to more RPEs (the pupil is particularly disappointed at the outcome of the exam as
they had expected it to go ok) and, therefore, will prompt more frequent mood changes.

Stochasticity leads to mood instability

Another computational component of RL is choice stochasticity, namely the degree to which
choices are determined by learned expectations. The less stochastic a person is, the more likely
they are to choose the options that they have learned are more rewarding. Higher estimates in
stochasticity model parameters might simply reflect poor learning [111] and, indeed, in many
studies using learning tasks, adolescents do worse compared with adults [71]. Poor learning
again entails expectations that are not calibrated well with the environment, which, under an RL
account, will lead to stronger RPEs and, thus, stronger mood changes (Figure 2D).

Computationally, however, choice stochasticity can also reflect a (mis-)estimation of the volatility
in the environment. High stochasticity can be adaptive in an environment where values tend to
change (‘high volatility’ [112]) because it leads to the exploration of low-value options that may
have increased in value since they were last visited [113]. For this reason, higher estimated vola-
tility also motivates stronger value updates [11,109], which may themselves lead to stronger
mood changes [11]. Consider a teenager who had always performed well in maths. With higher
volatility estimates, they would, despite their consistently good performance in the past, be more
likely to expect a change in their grades in the next maths test (i.e., that they might do badly this
time). They would then be more surprised (and happy) about yet another good grade than some-
one who is absolutely sure that they are a maths ace.

Cross-sectional and longitudinal studies have indeed found age-related decreases of stochasticity
(i.e., choices become more consistent with learned expectations) [74,81,83,114—116] and adoles-
cents’ RL bias appears to be particularly suited to volatile environments [117]. Itis an exciting open
question whether elevated choice stochasticity in adolescence reflects poor learning, or whether it
is adaptive in environments typical for adolescents, in which exploration is beneficial [71,117,118].

Concluding remarks

The adolescent literature points to several specifics in adolescent reward processing and RL as
candidates for mechanisms linked to alterations in adolescent mood. We have seen that, compu-
tationally, pronounced mood instability can stem from an amplified responsivity to outcomes in
the learner. Such amplification can be provoked by factors that enhance the sensitizing effect

¢? CellPress

Outstanding questions

What is the specific shape of
adolescent mood dynamics: enhanced
mood variability, instability, periodic
fluctuations, or noisier mood?

Do teenagers experience pronounced
mood swings across the entire
spectrum of emotions (e.g., positive
and negative or the whole spectrum of
discrete emotional states)?

What is the adaptive function of higher
mood variability in adolescence?

Which aspect of biased learning
accounts for pronounced mood
changes in adolescence?

What are the neurodevelopmental
correlates of mood-learning interac-
tions in adolescence?
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of mood (i.e., mood bias), by a subjective hypersensitivity to outcomes, or by factors that mitigate
the habituating effects of learning (e.g., stochasticity) (Figure 1D). Whether any (and, if so, which)
of these factors accounts for higher real-life mood changes in adolescence remains an open em-
pirical question (see Outstanding questions). Novel experimental and computational tools
[9,12-15], combined with ecological momentary assessment (EMA), or ambulatory physiological
assessment are available to elucidate these mechanisms further. Given the heterogeneity in find-
ings, there is a need to develop robust and reliable tests of affective phenomena in adolescents
[41,119,120].

Emotions and mood serve important functions in evaluating past outcomes, and the availability
of rewards in the environment, in the service of future actions aimed at fulfilling one’s needs
[10]. Thus, adolescents’ higher emotional reactivity and mood fluctuations are likely to corre-
spond to high socioaffective flexibility allowing them to efficiently react to the novel demands
they are facing when starting to navigate (social) environments independently. Importantly, a
higher degree of mood changes might also simply be the reflection of a typical adolescent en-
vironment that is packed with (positive and negative) surprises. However, we have reviewed
evidence that pronounced mood instability is also a risk factor for mental health problems. It
is exciting that innovative computational approaches now enable us to not only assess mood
dynamics in real life (Box 2), but also probe neurocomputational mechanisms of learning and
choice dynamics experimentally in daily life, even in concert with their neural correlates
[15,121]. Given the popularity of smartphone use among adolescents, designs close to daily
life (EMA) may further help to differentiate normative mood fluctuations in adolescence from
those that signal risk for the development of mental health problems. This echoes with recent
calls in computational psychiatry to characterize time-varying alterations of cognition and emo-
tion in context [122,123]. Such an approach has the potential to revalidate the effectiveness of
treatment strategies and to dissect heterogeneity in treatment response [35,124]. Prospec-
tively, such designs also allow for immediate interventions in real life (via the smartphone)
when risk signs occur [125].
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