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Early-life environments shape learning and decision-making strategies across
development

Nora C. Harhen (nora.harhen@nyu.edu)', Noam Goldway'-?, Jennifer C. Fielder,
Maria Alejandra Martinez Ortiz'#, Yvette Q. Ma', Ethan McCormick® & Catherine A. Hartley'
'Department of Psychology, New York University
2Department of Psychology and Neuroscience, King’s College London
3Division of Psychology and Language Sciences, University College London
“Department of Psychology, Stanford University
SDepartment of Education, University of Delaware

Abstract

During childhood and adolescence, sensitivity to the environ-
ment is often heightened, and individual differences in decision
making emerge. However, it remains unclear which dimen-
sions of experience produce these differences. Here, we fo-
cus on three candidate dimensions of early-life environments
that theoretical work in reinforcement learning suggests should
shape individuals’ behavior. Environmental reward prevalence
should govern learning from positive versus negative outcomes;
controllability, reliance on reactive versus proactive control;
and predictability, planning over a mental model. To test
these predictions, we recruited a large sample of 10- to 25-
year-olds to complete three reinforcement-learning tasks and
a self-report measure of early-life experience. We found that
behavior conformed to these predictions. Younger adolescents
with less emotional support learned more slowly from positive
outcomes, those with less control over their environment acted
less proactively, and participants from less predictable envi-
ronments planned more. Our results suggest that individual
differences arise, in part, from rational adaptation to early-life
environments.

Keywords: early-life experience; life-history effects; reinforce-
ment learning; decision making

Introduction

Developmental researchers have long sought to understand
how early-life environments shape individual differences. Re-
search on early-life adversity has repeatedly shown that ex-
periences such as abuse, neglect, and resource scarcity alter
learning, decision making, and affect (Birnie et al., 2020;
McLaughlin et al., 2021; Thomas et al., 2016). But, the
mechanisms linking these experiences to later outcomes are
incompletely understood. One proposed reason for this lack
of mechanistic understanding is that adversity has historically
been treated as a unitary construct, despite the heterogeneity
of the experiences it encompasses. Dimensional approaches
address this limitation by organizing adversity along dimen-
sions such as threat, deprivation, and unpredictability, and
hypothesizing that each dimension alters a distinct learning
mechanism (McLaughlin & Sheridan, 2016). Recent studies
adopting this approach have clarified how early-life experience
shapes cognitive and affective processes (CITE). However,
the question of why these experiences produce their effects
remains open.

To understand why specific early-life experiences alter spe-

cific aspects of learning and decision making, we turn to
normative modeling work from reinforcement learning (RL).
These models specify how an agent ought to behave to max-
imize future expected reward in a given environment. Im-
portantly, when human behavior aligns with these normative
prescriptions, it explains individuals’ behavior as a conse-
quence of rational adaptation to the statistical structure of the
environments they’ve encountered. Normative work in rein-
forcement learning identifies three key environmental dimen-
sions for learning and decision making: reward prevalence,
controllability, and predictability. These share similarities to
dimensions used in prior studies of adversity. In addition,
these normative models are particularly useful because they
make precise predictions regarding which aspects of learning
and decision-making strategies each dimension should influ-
ence, achieving a level of specificity not matched by prior
applications of the dimensional approach. We focus on three
predictions here. First, reward prevalence should shape learn-
ing from positive versus negative outcomes (Cazé & van der
Meer, 2013; Jaskir & Frank, 2023). Second, controllability
(i.e., the extent to which an agent’s actions causally influ-
ence the environment) should determine reliance on innate
reactive behaviors (i.e., approaching reward, avoiding threat)
versus proactive, goal-directed control (Huys & Dayan, 2009;
Moscarello & Hartley, 2017). Third, predictability should
govern the use of a mental model for planning (Kool et al.,
2017; Simon & Daw, 2011). When these environmental fea-
tures change over the course of a single task, people system-
atically adjust how they learn and act in ways that align with
these normative predictions (Jaskir & Frank, 2023; Kool et
al., 2017; Raab et al., 2024). Here, we ask whether these
three predictions also hold across developmental timescales.
A core assumption of our approach is that development is an
adaptive process in which individuals tune their learning and
decision-making strategies to the structure of their environ-
ments (Nussenbaum & Hartley, 2024).

To test this account, we recruited a large developmental
sample of 10- to 25-year-olds who completed self-report mea-
sures characterizing early-life experience along the dimen-
sions of reward prevalence, controllability, and predictability,
as well as three reinforcement-learning tasks indexing distinct
strategies. Although our sample spanned adolescence and
young adulthood, we did not have predictions a priori regard-
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ing how the relationship between the early-life environment
and reinforcement-learning strategies might vary with age. If
these normative predictions extend across development, they
offer a principled explanation for why early-life environments
give rise to specific patterns of individual differences in deci-
sion making and would provide a guide for generating novel,
testable hypotheses.

Methods

Participants

We plan to recruit 1,000 individuals aged 10-25 to complete
three reinforcement-learning tasks and an early-life experi-
ence questionnaire across four online sessions administered in
a fixed order. Participants are assigned to a discovery sample
for exploratory analyses or a replication sample for validation.
We report results from 284 individuals in the discovery sam-
ple. Participants were recruited from our lab database, which
includes individuals from diverse socioeconomic, racial, and
ethnic backgrounds across the United States. Sampling was
uniform across age, with equal numbers of females and males.
For each of the four sessions, participants were compensated
$15 per hour and had the opportunity to earn a bonus payment
based on task performance.

Measuring early-life experience

We developed a self-report questionnaire to characterize early-
life experiences along four dimensions: reward prevalence,
threat prevalence, predictability, and controllability. Our pri-
mary dimensions of interest were reward prevalence, pre-
dictability, and controllability, with threat included given its
prominence in prior developmental research (Felitti et al.,
1998; Green et al., 2010; Kessler et al., 2010; McLaughlin et
al.,2012). Following Berman et al., 2021, we assembled items
from established measures, including the Deprivation—Threat
Self-Report (Tsai et al., 2025), the Child Report of Parent
Behavior (Schaefer, 1965), the Nowicki—Strickland Locus of
Control Scale (Nowicki & Strickland, 1973), and the Neigh-
borhood Context Questionnaire (York Cornwell & Cagney,
2014). The questionnaire assessed participants’ subjective ex-
periences in their households and communities, including re-
lationship stability, emotional support from caregivers, peers,
and teachers, and perceived neighborhood safety. Attention
check questions were interspersed throughout; participants
who failed two or more were excluded.

Although the questionnaire was designed around hypothe-
sized dimensions, we evaluated its structure using exploratory
factor analysis. The number of factors was determined via
parallel analysis, with solutions evaluated for interpretabil-
ity. Because parallel analysis can overestimate factor number
(Michelini et al., 2019), we iteratively reduced the solution
until each retained factor included at least three items with
loadings > 0.32 (Yong & Pearce, 2013). Factor scores from
the final solution were extracted for each participant and used
as measures of early-life experience along the identified di-
mensions.

Measuring valence asymmetries in learning
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Figure 1: Participants repeatedly choose between a safe option
(a certain +5 points) and a risky option (some probability of
+10 or 0 points) and observe the outcomes of both the chosen
and unchosen options. This design measures how individuals
learn from positive vs. negative prediction errors.

Task We adapted a risk-sensitive reinforcement learning
task (Fig. 1; Niv et al., 2012). On each of 240 trials, par-
ticipants chose between a safe card that guaranteed 5 points
and a risky card that yielded either O or 10 points, with reward
probabilities of 20%, 50%, or 80%. When the risky card had
a 50% probability, the two options were matched in expected
value; therefore, a decision maker who weights positive and
negative outcomes equally should be indifferent. However,
asymmetrically weighing valenced outcomes will distort the
values of the risky options such that someone who overweights
positive outcomes will prefer the risky card, while someone
who overweights negative outcomes will prefer the safe op-
tion. To ensure learning of the risky cards’ expected values
regardless of risk preferences, the outcome of the risky card
was shown on every trial. Throughout the task, new cards
were introduced to encourage continual learning.

Model We quantified participants’ weighting of positive ver-
sus negative outcomes using a model developed by Niv et al.,
2012. The model learns the expected value of each risky
card, Q(c), through prediction-error-driven updating, where &
reflects the difference between the actual and expected out-
come. Updates are scaled by a valence-dependent learning
rate, :

if6>0

{Q(c) 0O +awd i 0
if6<0

0(c) < Q(c) +a-6
A valence asymmetry index (AI) captures the relative
weighting of positive versus negative outcomes:

ay —a_

Al = )

. +a_

Positive values indicate greater weighting of positive out-
comes, whereas negative values indicate stronger weighting
of negative outcomes.
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Exclusion Criteria Of the 284 discovery-sample partici-
pants, we excluded those who failed to respond or responded
too quickly (<150 ms) on 10 or more trials, leaving 253 par-
ticipants.

Measuring reactive versus proactive control

valence signaled outcome revealed
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Figure 2: The color of the light (blue or red) cued whether
a robot could deliver reward (gain) or punishment (loss). On
each trial, participants must decide to “repair” (Go) or do
nothing (No-Go) to the robot. If the participant performs
the correct action, then there is an 80% chance that they will
experience the better outcome (winning points or avoiding
loss). Certain trials align with innate "Pavlovian" tendencies
to approach reward or withdraw from potential punishment
(i.e., Go to win, No-Go to avoid losing), whereas others are
incongruent (e.g., No-Go to win). This task assesses the
extent Pavlovian approach/avoid tendencies interfere with an
individual’s instrumental (action-outcome) learning.

Task Participants completed a task measuring the extent to
which Pavlovian biases facilitate or interfere with instrumental
learning (Fig. 2; Guitart-Masip et al., 2011). Pavlovian biases
reflect tendencies to approach reward and avoid punishment,
which can either support or conflict with goal-directed action.
We used a child-friendly probabilistic go/no-go task (Raab &
Hartley, 2020; Zorowitz et al., 2023) in which action (go vs.
no-go) and valence (reward vs. punishment) were orthogonal-
ized. On each of 240 trials, participants saw a robot marked
with a unique symbol and chose whether to repair it (go) or
withhold a response (no-go). A colored light (blue or red)
indicated whether the correct response would yield points or
prevent point loss, with correct responses producing the better
outcome 80% of the time. Pavlovian bias was indexed as the
difference in performance between trials in which action and
valence were aligned (go to win; no-go to avoid loss) versus
misaligned (no-go to win; go to avoid loss).

Model We quantified reactive responding as the extent to
which Pavlovian biases influenced instrumental learning using
a model developed by Guitart-Masip et al., 2011. The model

learns action values, O (go) and Q. (no — go), for each robot,
k via prediction-error-driven updating:

Ox(action) «— Qy(action) + ad 3)

where « is the learning rate and ¢ is the difference between
observed and expected outcomes. Outcomes are coded as 1
for better and O for worse outcome.

Choices are made according to a softmax function:

. eBvQr(go)+7y €
plaction = go) = (1—¢€) = ePBvQi(80)+7c 4 oPfvQi(no-go) * 2
“)

where € is the lapse rate, §3, is the valence-dependent (gain
or loss) outcome sensitivity, and 7, is the valence-dependent
approach-avoidance bias. Pavlovian bias was defined as the
difference between 744, and 15,55 With more positive values
indicating a stronger bias and more reactive responding.

Exclusion Criteria Of the 284 discovery-sample partici-
pants, we excluded those whose accuracy across all trials was
< 50%, leaving 279 participants.

Measuring forward planning
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Figure 3: Participants make two-stage choices to collect trea-
sure on different “planets,” with a 70/30 transition from each
spaceship to a planet. Rewards fluctuate slowly, requiring con-
tinual updating. Model-free learners tend to repeat rewarded
first-stage choices regardless of whether a transition was com-
mon or rare, whereas model-based learners take into account
the task transition structure (staying or switching based on
transition type and outcome).

Task We used a child-friendly version (Fig. 3; Decker et
al., 2016) of a two-stage decision task designed to dissoci-
ate model-free and model-based reinforcement learning (Daw
et al.,, 2011). Model-free values are learned incrementally
through trial and error, whereas model-based values are com-
puted by planning over an internal model of the environment.
On each of 200 trials, participants chose between two space-
ships (first-stage choice), each of which transitioned proba-
bilistically to one of two planets. One spaceship led to the red
planet on 70% of trials (common transition) and to the purple
planet on the remaining 30% (rare transition), with the oppo-
site transition structure for the other spaceship. Upon arrival,
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participants chose between two aliens with slowly and inde-
pendently drifting reward probabilities(second-stage choice).
Responses following rare transitions are particularly diagnos-
tic of which of the two strategies a participant is using. After
a rare transition resulting in reward, a model-free learner will
select the previously chosen spaceship again. In contrast, a
model-based learner will switch to the alternative spaceship,
which is more likely to lead to the planet on which they just
collected a reward.

Model We quantified reliance on these strategies using a
model developed by Daw et al., 2011. For each spaceship,
s, the model maintains both model-free values, Qprp(s),
and model-based values, Qpp(s). For each alien, a, on a
planet, there is only a single value, Q(planet,a). Qprr(s)
and Q(planet, a) are updated through error-driven learning.
In contrast, model-based values are computed from the tran-
sition probabilities and alien values:

Omp(s) = Z p(planet|s)max,Q(planet, a) (®)]

planet

Choice probabilities combine model-free and model-based
values:

plaction = s) « ePmFQumF (s)+BmpOmp(s) (6)

We use the model-based inverse softmax temperature, S5,
as our measure of forward planning.

Exclusion criteria From the 284 discovery-sample partici-
pants, we excluded those who failed to respond or had response
times <150 ms on 10 or more first- and second-stage choice
trials, leaving 232 participants.

Model fitting

We fit all models using hierarchical Bayesian inference with
Hamiltonian Monte Carlo. Each model was run with four
chains (10,000 samples per chain; 5,000 warm-up), leaving
5,000 post-warm-up samples from the joint posterior. All
parameters showed good convergence (R less than or equal
to 1.01). Weakly informative priors were used to minimize
parameter estimation bias.

Exploratory factor analysis of early-life experience

The results from the exploratory factor analysis largely re-
capitulated our hypothesized structure (Fig. 4), with parallel
analysis and interpretability analyses supporting a four-factor
solution. One factor, predictability, comprised items index-
ing the stability of access to caregivers, housing, food, and
other resources (e.g., “How often did you not have a perma-
nent place to live?”). 13 of 19 items assigned a priori to the
predictability dimension had loadings > 0.32 on this factor.
Items assigned beforehand to reward prevalence split into two
factors based on the source of social reward/support: adult
support (16/21 items; e.g., “How often did a caregiver show
an interest in your thoughts and feelings?”’) and peer support

05
5 a priori dimension
a
g | || | |||| |||| B Controliability
@ I | I B Reward
2 0 I,_.u“ W, ! L B Reven
K] Predictability
05
0 25 50 75
item
05 ) _
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£ 05
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Figure 4: Bars indicate the item loadings for each factor.
They are color-coded to indicate the the dimension the item
was a priori assigned to. Largely, the factor structure reflects
the dimensional structure we constructed the questionnaire
around. Items capturing environmental predictability loaded
strongly and coherently onto the same factor which we term
the predictability factor. Items assessing environmental re-
ward prevalence split into two factors, adult support and peer
support, based on the provider of social rewards. Items mea-
suring the dimensions of controllability and threat prevalence
loaded onto the same factor which we term uncontrollable
harshness.

(4/9 items; e.g., “I felt safe sharing my feelings and prob-
lems with my close friends”). A fourth factor, uncontrollable
harshness, comprised items a priori assigned to the control-
lability (6/18 items; e.g., “When you got punished, how often
did it seem like it was for no good reason at all?”’) and threat
dimensions (12/18 items; e.g., “How often did an adult seri-
ously act like or told you they were going to hurt you?”). This
factor structure broadly aligned with our hypothesized dimen-
sions, sufficiently so to enable us to test our three hypotheses.
In subsequent analyses, we use factor scores as our measures
of early-life experience, treating adult and peer support as
reflecting reward prevalence, uncontrollable harshness as re-
flecting low controllability, and predictability as reflecting,
naturally, predictability.
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Relating early-life experience to reinforcement
learning strategies

To examine how early-life experience relates to reinforcement-
learning strategies, we fit five regression models, each predict-
ing a different model-derived parameter. Parameters included
were the valence asymmetry index (and its component individ-
ual learning rates), Pavlovian bias, and model-based inverse
softmax temperature. Predictors included age, age squared (to
capture nonlinear effects), all factor scores derived from the
exploratory factor analysis, and their interactions with age and
age squared. All predictors were z-scored prior to analysis.
We report effects that were significant (p < .05) or trending
(p < .1) given ongoing data collection.

Results

Early-life reward prevalence predicts sensitivity to
positive outcomes

0.164

0.144 +
adult support
+ ® high
0121 + ® med
% low
0.101 ++
10-15 15-20 20-25
age band

Figure 5: Estimated marginal means plots showing the interac-
tion between age and adult support in predicting the learning
rate for positive prediction errors. Among younger partici-
pants, lower social support from adults was associated with
reduced positive learning rates; this effect attenuated with age
(adult support x age: b = —0.010, SE=0.005, p = .05; adult
support x age squared: b = 0.011, SE=0.010, p = .04). Age
and adult support are plotted as discrete bins for visualization,
but all analyses treat these predictors as continuous. Here, age
has been split into three 5-year age groups, and adult support
into terciles. Error bars denote S.E.M.

First, we examined whether early-life experience predicted
variation in the valence asymmetry index (AI).There were
no main effects of early-life experience. However, there was
a main effect of age. Al decreased with age (b = —0.033,
SE=0.009, p < .001), indicating that older participants had a
stronger bias toward learning from negative relative to positive
outcomes. There was no quadratic effect of age. We also
observed no interactions between early-life experience and
age.

We next examined positive and negative learning rates sep-
arately. There were no main effects of early-life experience on
either, but age was associated with both learning rates (posi-

tive: b = —0.009, SE=0.004, p = .02; negative: b = 0.006,
SE=0.002, p < .001). We then examined interactions. Pos-
itive learning rates showed a significant interaction between
age and adult support. Among younger participants, lower
adult support was associated with reduced positive learning
rates (Fig. 5), consistent with normative accounts suggesting
that sensitivity to positive outcomes should be heightened in
richer environments (Jaskir & Frank, 2023). This associa-
tion attenuated with age (adult support x age: b = —0.010,
SE=0.005, p = .05; adult support x age squared: b = 0.011,
SE=0.010, p = .04). No interactions were observed for nega-
tive learning rates or other early-life factors.

Early-life controllability predicts Pavlovian bias
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Figure 6: Estimated marginal means plots showing the inter-
action between age and uncontrollable harshness in predicting
Pavlovian bias. There was a trending quadratic effect of age
on Pavlovian bias and no main effect of uncontrollable harsh-
ness, but a significant interaction between the two (b = —0.31,
SE=0.15, p = .04). Younger participants raised in less con-
trollable environments show a stronger Pavlovian bias, while
participants in the middle of our age range showed a weaker
bias. The effect of uncontrollable harshness was weakest in
participants at the end of the age range.

Next, we tested whether early-life experience predicted vari-
ation in Pavlovian bias.There were no main effects of early-life
experience, but there was a trending quadratic effect of age
(b = 0.26, SE=0.14, p = .06), with participants in the middle
of the age range showing the weakest Pavlovian biases. There
was no linear effect of age.

Next, examining the interactions between early-life expe-
rience and age, we found that uncontrollable harshness was
the only factor to significantly interact with age (b = —0.31,
SE=0.15, p = .04). Among younger participants, lower
controllability was associated with stronger Pavlovian bias
(Fig. 6), consistent with the normative predictions that en-
vironmental controllability should shape reliance on innate
Pavlovian reactive responding versus more proactive, instru-
mental responding (Huys & Dayan, 2009; Moscarello & Hart-
ley, 2017). Strikingly, this relationship reversed for individu-
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als in the middle of our age range such that lower controlla-
bility was associated with weaker Pavlovian biases.

Early-life predictability predicts planning

0.51

predictability

15 high
lnE med
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0.31
10115 1520 2025
age band
Figure 7: Estimated marginal means plots. Predictability

was associated with greater engagement in planning across
our age range, but particularly so for younger adolescents
(predictability: b=0.061, SE=0.031, p = .06; age squared x
predictability: b=0.045, SE=0.025, p = .08).

Finally, we tested whether early-life experience predicted
planning over a mental model of the environment, indexed by
the model-based inverse softmax temperature. We observed
a trending main effect of predictability (Fig. 7; b = —0.061,
SE=0.031, p = .06), such that individuals from less pre-
dictable environments planned more, consistent with norma-
tive accounts suggesting that model-based control is advanta-
geous in unpredictable environments because it supports flex-
ibility and rapid adaptation(Simon & Daw, 2011). There were
no main effects of other early-life factors. We also observed
a trending quadratic effect of age (b = —0.045, SE=0.025,
p = .08), with participants in the middle of the age range
engaging in planning the most.

We then examined the interactions between early-life ex-
perience and age. No interactions were observed between
predictability and age, but there were for the three remaining
factors. Among younger participants, lower controllability
was marginally associated with less planning (age x control-
lability: » = —-0.041, SE=0.025, p = .09), while both lower
adult and peer support was associated with more planning (age
x adult support: b = 0.047, SE=0.028, p = .09; age x peer
support: b = 0.038, SE=0.021, p = .07). These associations
were attenuated in older participants.

Discussion

Here, we examined whether individual differences in learn-
ing and decision making are associated with features of the
early-life environment. We tested three normative predictions
about how humans might adapt their strategies to features
of their environments over developmental timescales. Younger
participants with less adult support learned more slowly from
positive outcomes, those from less controllable environments

relied more on Pavlovian responding, and those from less
predictable environments engaged in greater planning. Our
findings suggest a compelling possibility for why we see the
pattern of individual differences we do: they reflect an indi-
vidual’s rational adaptation to the structure and dynamics of
their environment.

A striking feature of our results is that associations between
early-life experience and learning varied with age, with ef-
fects strongest in younger participants. One possibility is that
these strategies are continuously calibrated by the current en-
vironment even after adolescence. Although all participants
reported retrospectively, adults have greater distance from the
experiences they’re asked to recall. Future work could test
this account by incorporating measures of adults’ current en-
vironmental features, which may interact with their early-life
experiences in shaping behavior.

Another possibility is that effects of early-life experience
are difficult to detect in simplified tasks, but are more appar-
ent in real-world behavior. Real-world decisions are made
under considerable uncertainty and their consequences can
unfold over many years. Early-life effects may only reveal
themselves under greater stress and pressure. The robust as-
sociation between early-life experience and mental illness is
consistent with this possibility Felitti et al., 1998; Green et
al., 2010. Longitudinal studies tracking environmental fea-
tures, reinforcement-learning strategies, and real-world be-
havior will be important for testing this account.

For planning and valence asymmetries in learning rates,
early-life effects attenuated with age. In contrast, for Pavlo-
vian bias, the effect reversed: younger participants from less
controllable environments showed stronger Pavlovian biases,
whereas participants from the middle of our age range showed
weaker biases. It could be that older adolescents from less
controllable homes increasingly seek opportunities for instru-
mental control outside of the home. Consistent with this, items
loading onto our uncontrollable harshness factor primarily in-
dex relationships with caregivers and the home environment.
Future work could extend this measure to capture more expe-
riences outside the household.

Our work aligns with a large body of work showing
that early-life adversity shapes learning and decision mak-
ing (Amir et al., 2018; Birn et al., 2017; Guassi Moreira et
al., 2022; Hanson et al., 2017; Lloyd et al., 2022). More re-
cent work has moved beyond cumulative adversity to identify
environmental dimensions that exert distinct effects on devel-
opment (Davis et al., 2017; Doom et al., 2016; Ellis et al.,
2009; Farkas & Jacquet, 2024; Lambert et al., 2017; Machlin
et al., 2019; Sheridan et al., 2017; Simpson et al., 2012; Xu
et al., 2023). Our results help bridge dimensional models of
adversity with normative and mechanistic theories of learning
and decision making, and lay the groundwork for using rein-
forcement learning to guide hypothesis generation in future
work.
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