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Abstract
Working memory-supported reinforcement learning (RL-
WM) may differ between participants with and without
schizophrenia and mood disorders. It remains unex-
plored whether such processes are related to distinct
dimensional phenotypes. This study tests whether RL-
WM parameters are associated with self-reported men-
tal health phenotypes (anxiety, depression, drug use, im-
pulsivity, mania, motivation/pleasure, schizotypy) in a US
representative online sample (N=2,300 exploratory). Par-
ticipants completed a stimulus-response learning task
that manipulates WM demands (set size, delay) to disen-
tangle WM and RL contributions to performance (N=1,665
post-exclusion, ages 18-65 years). The RL-WM model es-
timated participants’ reliance on WM (v. RL) reliance,
WM capacity, WM decay (interference from intervening tri-
als), RL learning rate, perseveration (negative feedback
neglect), and undirected noise (attention lapse) parame-
ters. We tested associations between 8 RL-WM measures
and survey items using multivariate sparse partial least
squares regression (m-SPLS). m-SPLS Cross-validation
identified 1 component with 31 survey items predicting
7 RL-WM measures. Items reflecting schizotypy, mania,
and others, were related to reduced RL and WM perfor-
mance (increased perseveration, WM decay, undirected
noise, decreased WM reliance). Results support RL-WM
utility for computationally mechanistic community mental
health research. Replicability will be tested in an indepen-
dent sample (N=6,725 confirmatory).
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Background
Reinforcement learning (RL) involves learning actions to take
in an environment via experience receiving rewards/penalties.
RL measures are popular in computational psychiatry, for
example, comparing learning rate in individuals with and
without psychiatric conditions (Halahakoon et al., 2020).
However, many RL tasks and models conflate incremen-
tal RL processes (i.e., those thought to reflect dopaminer-
gic plasticity), with fast, time-limited working memory (WM)
processes (reflecting prefrontal activation-based processing)
(A. G. E. Collins & Frank, 2012, 2018). This unmeasured con-
tribution of fast-updating stimulus-action associations in WM
may inflate RL learning rate estimates, such that individu-
als with lower WM function may inaccurately appear to have
slower RL learning rate (A. G. Collins, Brown, Gold, Waltz, &
Frank, 2014).

Tasks designed to disentangle reinforcement learning and
working memory (RL-WM) contributions to learning and
choices suggest differences between individuals with and
without schizophrenia (A. G. Collins et al., 2014; A. G. Collins,
Albrecht, Waltz, Gold, & Frank, 2017), and mood disorders
(Cheng, Moser, Jones, & Kaiser, 2024). The present study ex-
plores whether these WM and RL processes are related to dis-
tinct dimensional phenotypes relevant to mental health in the
general population. We present results from an exploratory
sample, which will be used for pre-registered hypotheses to
test in a confirmatory sample.

Methods
Online volunteers from Prolific (18-65 years) completed a 2-
session study. Of the 2,552 submissions, 2,300 passed ini-
tial bot and attention check quality controls. The sample was
reasonably comparable to 2020 US Census demographics.
After providing informed consent, participants completed sur-
veys on anxiety (Generalized Anxiety Disorder-7), depression
(Patient Health Questionnaire-8), impulsivity (Abbreviated-
Barrat Impulsivity Scale), disability (WHO-Disability Assess-
ment Schedule), mania (Altman Rating Scale for Mania), moti-
vation and pleasure (MAP-SR), schizotypy (Schizotypyal Per-
sonality Questionnaire), drug use (Drug Use Questionnaire)
and a battery of 6 cognitive tasks including RL-WM.

RL-WM paradigm
The RL-WM task consists of a ‘train phase’ during which
participants learn stimulus-response mappings in a three-
alternative forced choice (10 blocks, 370 trials, Figure 1)
(A. G. Collins et al., 2017), and ‘test phase’ involving a judg-
ment about which of two previously encountered stimuli was
associated with more reward (122 trials). The task varies WM
demands by manipulating the number of unique stimuli to be
learned within a block (between 2 and 5) as well as the delay
between successive encounters of each stimulus.

The RL-WM model learns stimulus-response mappings us-
ing RL-style temporal-difference updates. These learning up-
dates are based on two parallel RL and WM processes. While
both processes maintain a separate state-action value rep-
resentation, the learning rate of the WM system is fixed at
1 to capture the fast, one-shot updating of the contents of
working memory. However, WM representations are capacity-
limited and subject to decay over time. The final action pol-
icy is derived from a weighted sum of RL and WM policies.
The RLWM model equations are those described in West-
brook et al. (2024) (Westbrook et al., 2024). The model
was fit to data using a two-pass hierarchical maximum like-
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How often have you experienced pleasure from being with other people?
I am constantly more active or on the go all the time (upper anchor)
How much effort have you made to actually do any hobbies or recreational activities?
Do you often feel nervous when you are in a group of unfamiliar people?
Other people see me as slightly eccentric (odd).
How important have close relationships with your friends relationships been to you?
Have you had experiences with astrology seeing the future UFOs ESP or a sixth sense?
Are your thoughts sometimes so strong that you can almost hear them?
How motivated have you been to be around other people and do things with them?
How important have close relationships with your family members been to you?
Do you sometimes feel that other people are watching you?
Do you often have to keep an eye out to stop people from taking advantage of you?
I plan for job security.
How often do you move or speak so slowly that other people have noticed? Or the opposite...?
Do you sometimes get concerned that friends or co−workers are not really loyal or trustworthy?
How many times have you used Nicotine in the PAST MONTH?
How often have you been bothered by  being so restless that it's hard to sit still?
Have you ever felt that you are communicating with another person telepathically (by mind−reading)?
I act on the spur of the moment.
I am future oriented.
How much effort have you made to actually do things with other people?
When you look at a person or yourself in a mirror have you ever seen the face change right before your eyes?
Do you sometimes feel that people are talking about you?
Do everyday things seem unusually large or small?
I feel happier or more cheerful than usual all of the time (upper anchor)
Do you believe in clairvoyance (psychic forces fortune telling)?
I talk constantly and cannot be interrupted (upper anchor)
I feel extremely self−confident all of the time (upper anchor)
Do you believe in telepathy (mind−reading)?
I can go all day and all night without any sleep and still not feel tired (upper anchor)
I often feel that others have it in for me.
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Figure 1: Left: task schematic. Righ: Multivariate sparse partial least squares regression. Top: RL-WM measure loadings.
Bottom: survey item loadings, survey name is displayed on the left and item text on the right.

lihood estimation (MLE) procedure, using Nelder-Mead opti-
mization to get the MLE estimates (scipy.optimize). Pa-
rameters were the WM (v. RL) reliance, WM capacity (max
stimuli in WM), WM decay rate (interference from intervening
trials), RL learning rate, perseveration (negative feedback ne-
glect), and undirected noise (attention lapse). Test phase per-
formance was measured by extracting the random effects of
a logistic mixed-effects regression model predicting whether
participants chose the left option by 1) the difference in set
size (possibly reflecting effort avoidance), and 2) the differ-
ence in value (possibly reflecting RL performance) between
the left and right option (lme4).

Quality control exclusions were conducted. Train phase
data was excluded for participants with too few trials, or high
error rate (>50%)/invalid response rate (too fast or missed
deadline) (initial N=2,011, final N=1,664). Test phase data
was excluded for participants that were excluded in train
phase, had too few trials, a high rate of invalid responses (key
other than the two valid response keys)/pressing any single
key (initial N=2,004, final N=1,527). Trials with reaction times
<150 ms were excluded.

Results
Consistent with previous studies, training phase accuracy
was higher the greater the number of previous correct re-
sponses for a stimulus (z=72.91, p<0.042), decreased as
a function of set size (z=-2.04, p<0.042), and decreased
with the delay since previous correct response for a stimulus
(z=-37.44, p<0.001). Test phase choices were sensitive to
value (z=47.03, p<0.001) and set size differences (z=-16.6,
p<0.001). This online experiment procedure yielded RL-WM
behavior consistent with prior studies, and the fitted RL-WM
models were able to capture key patterns in the data.

Associations to mental health phenotypes

Previous work using dimensionality reduction techniques on
mental health survey items have identified latent dimensions
with generalizable relationships to RL phenotypes (Gillan,
Kosinski, Whelan, Phelps, & Daw, 2016; Fox et al., 2024).

Here, we build on that approach by using multivariate sparse
partial least squares regression (m-SPLS), a technique that
simultaneously performs variable selection and dimensional-
ity reduction on two domains of data. We predicted 8 RL-WM
measures by 98 survey items using 10-fold cross-validation
(mixOmics package). All variables were scaled residuals
after controlling for demographic factors (age, sex at birth,
gender, trans-gender, race, Hispanic/latine ethnicity, educa-
tion, urban/rural, and income). m-SPLS selected 1 com-
ponent, which included 7 of the RL-WM measures (propor-
tion variance explained=0.072) and 31 items (proportion vari-
ance explained=0.193) (Figure 1). Overall the RL-WM load-
ings for this component indicated better RL and WM sys-
tem performance. The strongest loadings were observed for
decreased perseveration, WM decay rate, undirected noise,
and increased WM system weight, and weaker loadings for
increased test phase set size sensitivity, WM capacity, and
learning rate. This better RL-WM performance negatively as-
sociated to survey scores, especially for items in the cognitive-
perceptual schizotypy subscale and the mania scale. The top
loading items were “I often feel that others have it in for me”,
“I can go all day and all night without any sleep and still not
feel tired”, “Do you believe in telepathy (mind reading)?”, and
“I feel extremely self-confident all of the time”. These are con-
sistent with reports of increased WM decay rate (φ) associ-
ated with mania scores in participants with bipolar disorder
((Cheng et al., 2024)) and between participants with and with-
out schizophrenia ((A. G. Collins et al., 2014, 2017)). The
better pattern of RL-WM performance was intriguingly posi-
tively related to reduced motivation and measure “How much
effort have you made to actually do things with people?”, and
increased impulsivity “I am future oriented” (reverse scored).

These results support the utility of the RL-WM task as a
computational phenotyping tool useful for studying mecha-
nisms of mental health (especially schizotypy, mania) in com-
munity samples, though variance explained in this large sam-
ple was low. We will test the replicability of these findings in
an independent sample of 6,725 participants, drawing on the
entire dataset collected to become publicly available.
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