Psychopharmacology (2019) 236:2425–2435
https://doi.org/10.1007/s00213-019-05322-z

ORIGINAL INVESTIGATION

Depressive symptoms bias the prediction-error enhancement
of memory towards negative events in reinforcement learning
Nina Rouhani 1,2

&

Yael Niv 1,2

Received: 22 March 2019 / Accepted: 30 June 2019 / Published online: 26 July 2019
# Springer-Verlag GmbH Germany, part of Springer Nature 2019

Abstract
Rationale Depression is a disorder characterized by sustained negative affect and blunted positive affect, suggesting potential
abnormalities in reward learning and its interaction with episodic memory.
Objectives This study investigated how reward prediction errors experienced during learning modulate memory for rewarding
events in individuals with depressive and non-depressive symptoms.
Methods Across three experiments, participants learned the average values of two scene categories in two learning contexts.
Each learning context had either high or low outcome variance, allowing us to test the effects of small and large prediction errors
on learning and memory. Participants were later tested for their memory of trial-unique scenes that appeared alongside outcomes.
We compared learning and memory performance of individuals with self-reported depressive symptoms (N = 101) to those
without (N = 184).
Results Although there were no overall differences in reward learning between the depressive and non-depressive group,
depression severity within the depressive group predicted greater error in estimating the values of the scene categories.
Similarly, there were no overall differences in memory performance. However, in depressive participants, negative prediction
errors enhanced episodic memory more so than did positive prediction errors, and vice versa for non-depressive participants who
showed a larger effect of positive prediction errors on memory. These results reflected differences in memory both within group
and across groups.
Conclusions Individuals with self-reported depressive symptoms showed relatively intact reinforcement learning, but demonstrated a bias for encoding events that accompanied surprising negative outcomes versus surprising positive ones. We discuss a
potential neural mechanism supporting these effects, which may underlie or contribute to the excessive negative affect observed
in depression.
Keywords Depression . Memory . Reinforcement learning . Reward . Predictions errors . Surprise

Introduction
Memories help guide future behavior, but which experiences
from the past are prioritized? In reinforcement learning, the
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value of an option is computed by a weighted average over all
experienced outcomes, suggesting we integrate across multiple memories when making a decision. In contrast, episodic
memories represent single events and allow for rapid, oneshot learning of relations between stimuli and outcomes.
Interactions between reinforcement learning, supported by
the striatum, and episodic memory, supported by the hippocampus, predict decision-making in a variety of behavioral
and neural paradigms (Bornstein et al. 2017; Duncan and
Shohamy 2016; Gershman and Daw 2017; Wimmer and
Shohamy 2012). Given putative dopaminergic innervation
linking the striatum to the hippocampus (Shohamy and
Adcock 2010), special attention has been given to reward
prediction errors in reinforcement learning and their effect
on memory. Reward prediction errors are phasic dopaminergic
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signals that increase when outcomes are better than expected
and decrease when they are worse than expected, and are
thought to update the value of the events that led to the outcomes (Barto 1995; Read Montague et al. 1996).
In previous work, we investigated the interaction between
reward prediction errors and episodic memory and found that
unsigned (absolute) prediction errors increase memory for a
rewarding event, thereby prioritizing more surprising events
in memory (Rouhani et al. 2018). Consistent with this behavioral finding, recent work has shown that the locus coeruleus
(LC), a region modulated by unsigned prediction errors (for a
review, see Sara 2009), co-releases dopamine with norepinephrine, leading to dopamine-dependent plasticity in the hippocampus (Kempadoo et al. 2016; Takeuchi et al. 2016). This
work highlights a new source of dopamine other than the
ventral tegmental area and substantia nigra pars compacta
(where the signed reward prediction error originates), which
leads to new predictions of how events that modulate LC
activity, such as unsigned reward prediction errors, might
boost hippocampal memories (Duszkiewicz et al. 2018).
Importantly, we found that both positive and negative prediction errors enhanced memory. It is unclear, however, how
disorders marked by blunted positive and excessive negative
affect, such as depression, may bias these effects on memory.
To this end, we collected depression scores from all participants in our original sample (Rouhani et al. 2018) and tested
for effects of depressive symptoms on reward learning, recognition memory, and the modulation of memory by prediction
errors.
Previous work characterizing reinforcement learning in
major depressive disorder (MDD) has demonstrated decreased sensitivity to rewards (Huys et al. 2013) as well as
hypoactivation of reward-related responses in the striatum (for
reviews, see Admon and Pizzagalli 2015; Pizzagalli 2014).
Accordingly, attenuated reward prediction error signals are
reported in MDD (Gradin et al. 2011; Kumar et al. 2018),
although these signals were intact in a task that did not require
learning (Rutledge et al. 2017). Moreover, behavioral differences in reinforcement learning in MDD have been mixed.
Many studies have shown similar learning performance between MDD patients and controls (e.g., Ubl et al. 2015) with
differences modulated by individual levels of anhedonia (the
inability to feel pleasure) independent of depression severity
(Admon and Pizzagalli 2015; Chase et al. 2010). In our nonclinical sample, we therefore did not expect to see large differences in reward learning between those experiencing depressive symptoms and those that do not.
In addition to blunted reward processing, sustained negative affect in depression has led to work showing an asymmetry in processing negative over positive events. Namely, MDD
patients show an attentional bias for negative stimuli,
displaying difficulty in disengaging from and ignoring negative distractors (for reviews, see Gotlib and Joormann 2010;
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Joormann and Quinn 2014). In reinforcement learning, neuroimaging studies bolster evidence for this asymmetry by
showing hyperactivation of cortico-striatal learning networks
for punishment versus reward (Admon and Pizzagalli 2015;
Kumar et al. 2018; Ubl et al. 2015), including stronger prediction error signals for punishment (Kumar et al. 2018; Ubl
et al. 2015). Of note, in depression, connectivity between the
striatum and anterior cingulate cortex, a region associated with
unsigned prediction errors (Roesch et al. 2012), is blunted in
reward learning (Whitton et al. 2016) and enhanced in punishment learning (Admon et al. 2015).
These results suggest that in depressed individuals, highmagnitude negative prediction errors may have greater influence on learning and memory than do positive prediction errors. In line with this, depressed individuals exhibit a bias for
negative versus positive memories (Gaddy and Ingram 2014;
Matt et al. 1992). This better memory for negative events in
depression is thought to be modulated by the amygdala—a
region associated with emotional memories as well as surprising events—and its functional connectivity with the hippocampus (Dillon and Pizzagalli 2018; Leal et al. 2014;
Sacchet et al. 2017; Young et al. 2017). Healthy individuals,
on the other hand, exhibit a bias for positive versus negative
memories, whereas depressed individuals additionally demonstrate an attenuated memory for positive events (Burt
et al. 1995), which is linked to reduced activation in the dopaminergic midbrain and medial temporal lobes (Dillon et al.
2014). The literature therefore offers two mechanisms by
which depressed individuals’ memory may be biased compared with healthy individuals—better memory for negative
events and worse memory for positive events. What remains
to be elucidated is whether reward prediction error signals
modulate this asymmetry in memory in depressed individuals.
To test this, across three experiments, participants learned
by trial and error the values of two scene categories (indoor
and outdoor scenes) in two learning contexts. Each learning
context was associated with a high or low level of outcome
variance, allowing us to compare the effects of highmagnitude and low-magnitude reward prediction errors on
learning and memory. We compared individuals reporting
symptoms of depression (the “depressive” group) with those
that reported no such symptoms (“non-depressive” group) in
terms of their learning of the average values of the two scene
categories, their trial-by-trial prediction errors and learning
rates, and their recognition memory for those rewarding
events.

Methods
In three experiments, we tested how reward prediction errors
experienced during reinforcement learning interact with episodic memory. In each experiment, participants learned by
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trial and error the values of two types of scenes, indoor and
outdoor images, in two different contexts (“rooms”). One
room was associated with low outcome variance (“low-risk
room”) while the other room was associated with high outcome variance (“high-risk room”; order counterbalanced).
The average value of the high- and low-value scene categories
was matched across contexts. Critically, on each trial, participants viewed trial-unique indoor or outdoor images, allowing
us to test for memory of rewarding events at a later stage in the
experiment.

Participants
Across three experiments run on Amazon Mechanical Turk,
500 participants initiated the study (Exp 1—200, Exp 2—200,
Exp 3—100), 408 completed the study (Exp 1—174, Exp 2—
148, Exp 3—86), and after exclusions (see below), 383 participants are represented in our sample (Exp 1—164, Exp 2—
136, Exp 3—83). Participants completed informed consent
online and were required to correctly answer questions
checking for their understanding of the task before proceeding; procedures were approved by Princeton University’s
Institutional Review Board. Participants were excluded from
analysis if they (1) missed more than three trials during learning or (2) had a memory score (A′: sensitivity index in signal
detection based on their hit rate and false alarm rate for item
recognition memory; Pollack and Norman 1964) of less than
0.5.

Task procedure
Learning In each experiment, participants learned the values
of two scene categories (indoor or outdoor images) in two
“rooms” defined by distinct background colors. The average
values of the high- and low-value scene categories were
matched across rooms, but the reward variance of the “highrisk room” was approximately double that of the “low-risk
room.” Participants first saw all the images in one room and
then the other (i.e., presentation was blocked, order randomized). Participants were instructed that in each room, one type
of scene category was more valuable than the other, and after
viewing all of the images within a room, they were asked to
indicate the “winner” (i.e., the high-value scene category).
Participants were not explicitly informed about the reward
values of the scene categories nor that the two rooms would
have different levels of outcome variance.
On every trial, participants first saw a trial-unique
image (either an indoor or outdoor scene) for 2 s.
They were then asked to estimate how much that type
of scene is worth on average in that room, from 1 to
100 cents. Participants had a maximum of 5 s to respond, explicitly providing their expected value for that
scene category. The image was then presented again
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along with its true associated reward for 3 s (see
Fig. 1). Participants were told that their payment for
participating in the experiment would be contingent on
the true reward amounts (they received approximately 1/
4 of the rewards), not on the accuracy of their
estimates.
The three experiments differed in the reward distributions assigned to the scene categories as well as the
number of trials in the experiment. In experiment 1,
participants experienced 8 trials of each scene category
in each of two rooms (16 trials of each category total).
In experiments 2 and 3, participants experienced 15 trials of each scene category in each of two rooms (30
trials of each category total). Experiments 2 and 3 were
therefore twice as long (60 trials) as experiment 1 (32
trials).
In experiments 1 and 2, the “low-value scene” was worth
40¢ on average (Exp 1 high-risk-low-value rewards—0¢, 20¢,
60¢, 80¢; Exp 1 low-risk-low-value rewards—25¢, 35¢, 45¢,
55¢, twice each; Exp 2 high-risk-low-value rewards—0¢,
20¢, 40¢, 60¢, 80¢; Exp 2 low-risk-low-value rewards—
20¢, 30¢, 40¢, 50¢, 60¢, three times each), and the “highvalue scene” was worth 60¢ (Exp 1 high-risk-high-value rewards—20¢, 40¢, 80¢, 100¢; Exp 1 low-risk-high-value rewards—45¢, 55¢, 65¢, 75¢, twice each; Exp 2 high-risk-highvalue rewards—20¢, 40¢, 60¢, 80¢, 100¢; Exp 2 low-riskhigh-value rewards—40¢, 50¢, 60¢, 70¢, 80¢, three times
each), whereas in experiment 3, the reward distributions of
the scene categories were further apart and not overlapping:
the low-value scene was worth 20¢ on average (high-risk-lowvalue rewards—0¢, 10¢, 20¢, 30¢, 40¢; low-risk-low-value
rewards—10¢, 15¢, 20¢, 25¢, 30¢, three times each), and
the high-value scene was worth 80¢ (high-risk-high-value rewards—60¢, 70¢, 80¢, 90¢, 100¢; low-risk-high-value rewards—70¢, 75¢, 80¢, 85¢, 90¢, three times each). The value
of the scene category (high versus low value) was randomly
assigned to scene category type (indoor or outdoor images).
Risk assessment After learning, participants completed a risk
attitude questionnaire (DOSPERT, Weber et al. 2002) that
created a 5–10-min delay between the learning and memory
blocks of the experiment.
Memory Participants were presented with a surprise memory
test, in which they judged whether different images were “old”
(they had seen during learning) or “new” (they had not seen)
as well as their confidence for that memory judgment (from 1
“guessing” to 4 “completely certain”). Half of the test trials
were old, and half were new.
Depression measure At the end of the experiment, participants
completed the Inventory of Depressive Symptomatology
(IDS; Rush et al. 1996).
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Fig. 1 Trial schematic during learning (from Rouhani et al. 2018). Each
trial begins with a trial-unique indoor or outdoor image (cue), and participants are asked to estimate how much that scene category is worth on
average (estimate). After entering their estimate, they see the image again
with its outcome (reward). The prediction error is calculated by

subtracting the value estimate of that scene category with the reward
received on that trial. The learning rate is calculated over two consecutive
trials of the same scene category (i.e., we assumed that separate values
were learned for each scene category)

Statistical analyses

we corrected for multiple comparisons using Bonferroni
correction.

We investigated whether depression modulated learning and
memory performance across all experiments. To do this, we
compared participants who scored from moderate to very severe on the IDS (score—26–84, which we refer to as “depressive,” N = 101) with participants who reported low or no depressive symptoms (score—0–13, which we refer to as “nondepressive,” N = 184). Participants with an intermediate
“mild” IDS score (14–25, N = 98) were excluded from the
analysis (for categorization of scores, see www.ids-qids.org).
All comparisons were conducted using the linear or generalized mixed-effects models (R lme4 package, Bates et al.
2015), with experiment as a random effect and subject as a
nested random effect within experiment (for both intercept
and slope) and trial-unique scene image as a random effect
(for intercept). We used depression category (depressive or
not) as a fixed or interacting effect to predict the below learning and memory measures. We additionally tested whether
depression severity predicted the effects under question within
the depressive group.
If depression was a significant predictor, to confirm group
differences, we ran a simplified regression model (not including depression as an effect) separately within each experiment
and depression group and extracted subject-level intercepts
and slopes. We then ran an ANOVA on the average difference
in intercept and slope estimates between the “depressive” and
“non-depressive” participants across all experiments. Finally,

Learning As a measure of learning, we took the absolute deviation of participants’ trial-by-trial estimates from the true
average values of the scene categories (40¢ or 60¢ in Exp 1–
2; 20¢ or 80¢ in Exp 3). This deviation should decrease as
participants learn the average values of the scene categories. In
other words, with every trial, the learner should be estimating
closer to the true mean of that scene category, and so a significant effect of trial number in decreasing this measure reflects
learning. We ran two models testing (1) whether depression
predicted overall deviation from the true means and (2) whether depression interacted with trial number, indicating that depressed participants learned differently than non-depressed
participants.
Prediction errors Trial-by-trial prediction errors were calculated by subtracting participants’ value estimates from the reward outcome experienced on that trial (see Fig. 1). We ran
two models testing (1) whether depression predicted the average prediction error experienced during learning and (2)
whether depression interacted with our previously reported
finding that prediction errors are modulated by an interaction
between risk context and scene category value, leading to
greater underestimation of the high-value scene category and
greater overestimation of the low-value scene category in the
high-risk room.
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Learning rates We calculated trial-by-trial learning rates
as the proportion of the prediction error experienced
on one trial that was then applied to update the value
estimate on the next trial involving the same scene category (see Fig. 1). We ran four models testing (1)
whether depression modulated the average learning rate
applied during learning, (2) whether depression
interacted with our previous findings that unsigned prediction errors increase learning rate, (3) whether depression interacted with our previous finding that a lower
risk context leads to higher learning rates, and finally,
(4) whether depression more specifically modulated an
interaction between learning rate, unsigned prediction
error, and the valence of the prediction error (positive
or negative) in a 3-way interaction; for example, surprising negative (versus positive) events could lead to
higher learning rates (i.e., more value updating) in participants with depression.
Memory We evaluated whether depression influenced
item recognition by running the following mixedeffects logistic regressions predicting a “hit” or a “miss”
during the memory test. We tested (1) whether depression affected overall memory, (2) whether depression
interacted with the valence of the prediction error to
influence memory; for example, by promoting negative
prediction error memories over positive ones, (3) whether depression interacted with our previously reported
finding that unsigned prediction errors increase memory,
and (4) whether depression more specifically modulated
an interaction between memory, the valence of the prediction error, and absolute prediction error; for example,
by selectively enhancing surprising negative events in
memory over surprising positive ones.

Results
Sample Across all experiments, 184 participants scored within
the “non-depressive” category (Exp 1—69, Exp 2—68, Exp
3—47), and 101 participants scored within the “depressive”
category (Exp 1—51, Exp 2—32, Exp 3—18).
Learning The absolute deviation of participants’ estimates
from the true averages of the two scene categories decreased
as a function of trial number, indicating learning of the values
of the two scene categories within each room (model 1: β = −
0.05, t = − 2.93, p = 0.004). Depression did not predict participant estimates on average (model 1: β = − 0.05, t = − 1.04,
p = 0.30) nor did it interact with learning (model 2: β = −
0.02, t = − 0.61, p = 0.54); see Fig. 2a–c. However, depression
severity did predict an overall increase in estimation error
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within the depressive group (model 1: β = 0.01, t = 3.44,
p < 0.001; Fig. 2d).
Prediction errors Depression did not predict participant prediction errors (model 1: β = − 0.00063, t = − 0.033, p = 0.97)
nor did it interact with the effect of risk and scene category
value on prediction errors (model 2: β = − 0.0062, t = − 0.35,
p = 0.73); see Fig. 3.
Learning rates Trial-by-trial learning rates were similarly not
predicted by depression (model 1: β = − 0.046, t = − 1.53, p =
0.13); depression did not interact with the increase in learning
rate with unsigned prediction error (model 2: β = 0.034, t =
1.053, p = 0.29) nor did it interact with the effect of risk context on learning rate (model 3: β = − 0.020, t = − 0.92, p =
0.36). Finally, there was no effect of depression in an interaction between the unsigned value and the valence of the prediction error on learning rate (model 4: β = 0.034, t = 1.053,
p = 0.29); see Fig. 4.
Memory Depression did not affect average recognition
memory (model 1: β = − 0.019, z = − 0.14, p = 0.89). It
did not interact with an effect of prediction error valence on memory in general (model 2: β = 0.07, z =
0.53, p = 0.60) nor with the effect of unsigned prediction error on memory (model 3: β = 0.07, z = 1.02, p =
0.31). However, we did find that depression modulated
the interaction between the unsigned value and the valence of the prediction error on memory. In particular,
“non-depressive” participants were more likely to remember more surprising positive events, while “depressive” participants were more likely to remember more
surprising negative events, as predicted (model 4: β =
0.31, z = 2.05, p = 0.040; Fig. 5).
To confirm and further illustrate this effect (see “Statistical
analyses” above for details), we found that an interaction between prediction error valence and depression group predicted
the slope of the effect of unsigned prediction errors on memory (F(1,283) = 16.95, p < 0.0001). This interaction passed
Bonferroni adjusted levels of p = 0.004 (alpha = 0.05/14 comparisons). Following up on this interaction, we tested for
across and within-group differences. We found that depressive
participants had higher slopes for negative prediction error
events than non-depressive participants, t(274.35) = 2.79,
p = 0.0057, whereas non-depressive participants had higher
slopes for positive prediction error events than depressive participants, t(139.66) = − 4.46, p < 0.001. Within the depressive
group, there were significantly higher slopes for the negative
prediction error events than positive ones, t(100) = − 4.04,
p < 0.001, and within the non-depressive group, the opposite
was true, t(183) = 2.04, p = 0.043. We did not find the interaction to predict the intercept of this model (F(1,283) = 1.25,
p = 0.26); see Fig. 6.
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Fig. 2 a–c Learning. Average value estimates for high- and low-value
scene categories as a function of trial number, within high- and low-risk
rooms, divided between depressive and non-depressive groups, across all
three experiments. We did not find any significant differences in value
learning between the depressive and non-depressive groups. Note that
“Trial 0” represents participant estimation at the beginning of each room

and without having received any feedback. Error bars represent SEM. d
Average estimation error during learning as a function of IDS score in the
depressive group. Depression severity predicted greater average error
during learning. Each dot represents a participant; shaded regions represent 95% confidence intervals

Discussion

depression severity predicted greater estimation error (i.e., difference between the estimated value and the true mean value
of the scene categories) in the depressive group, which suggests impaired reinforcement learning in individuals with
more severe depression. Nevertheless, we found that both
groups increased their learning rates after high-magnitude prediction errors, and neither group showed a bias towards
updating expectations more after a positive or negative prediction error event. Together, these results suggest that dopaminergic prediction error signaling was relatively intact
throughout our non-clinical sample.
We also did not find overall differences in memory performance nor in memory for positive versus negative prediction

Depressive symptoms include a diminished ability to feel
pleasure (anhedonia) as well as excessive negative affect,
thereby suggesting abnormalities in learning from rewards as
well as their effect on memory. In a non-clinical sample, we
tested for differences in reward learning and memory performance in individuals with and without depressive symptoms.
We did not find gross differences in learning performance
between the two groups: subjects did not differ in how they
learned the average values of two scene categories, as measured by their trial-by-trial estimates, prediction errors, and
learning rates throughout the task. However, we did find that
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category value
high
low

non-depressive

depressive

Exp 1

Exp 2

prediction error

Fig. 3 Prediction errors.
Experienced prediction errors for
high- and low-value scene categories within high- and low-risk
rooms, divided between depressive and non-depressive groups,
across all three experiments.
There is an overall interaction
between risk and category value,
such that participants are more
likely to overestimate the lowvalue category and underestimate
the high-value category in the
high-risk room. There were no
differences between the depressive and non-depressive groups.
Error bars represent SEM
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Exp 3

risk
error events, on average. Instead, we found that the modulation of memory by reward prediction errors was differently
biased in the two groups such that in individuals with depressive symptoms, large negative prediction errors enhanced
memory to a greater extent than did large positive prediction
errors and more so than they did in the non-depressive group.
The opposite was true for non-depressive individuals: here,
large positive prediction errors enhanced memories more than
large negative prediction errors and more so than they did in
the depressive group.
Relatively intact learning in the depressive group is consistent with several studies that have not found strong behavioral
differences between MDD patients and healthy controls in
reward learning (Chase et al. 2010; Knutson et al. 2008;
Smoski et al. 2009; Ubl et al. 2015). In our sample, however,
the positive relationship between depression severity and task
error suggests that reinforcement learning is affected in depression, but only in more severe cases, which may in part
explain the heterogeneity of results in the literature. Moreover,
we implemented a Pavlovian reward learning paradigm that

did not involve choices between differently rewarding options. This leaves open the possibility that depression is a
greater modulator of instrumental learning than it is of prediction learning. Finally, given the striatal hypoactivity commonly reported in depression (for a review, see Admon and
Pizzagalli 2015), it is possible that depressive individuals are
not as affectively influenced by reward, meaning they may not
feel its associated pleasure or impact, even if they are unimpaired in following explicit task goals by using rewards to
update the values of their experiences.
On the other hand, the surprise recognition memory test
provides a measure unrelated to explicit task goals potentially
capturing affect-driven cognitive biases in depression. Here,
we did not find a general difference in memory for events
associated with positive versus negative prediction errors between the depressive and non-depressive groups. We instead
found a bias in the unsigned prediction error modulation of
memory. This signal, which increases memory for surprising
outcomes (Rouhani et al. 2018), more significantly modulated
memory for negative prediction error events in the depressive
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non-depressive

depressive

risk
high
low

Exp 1

Exp 2

learning rate

Fig. 4 Learning rates. Average
learning rates for outcomes as a
function of prediction error in
high- and low-risk rooms, divided
between depressive and nondepressive groups, across all three
experiments. High-magnitude
prediction errors increase learning
rate across all experiments and
groups. We did not find any differences between the depressive
and non-depressive groups. Error
bars represent SEM
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Exp 3

prediction error
group and positive prediction error events in the nondepressive group. In other words, depressive individuals were
more likely to remember surprising negative events, whereas
healthy individuals were more likely to remember positive
ones. Such a bias in memory is in line with the tendency to
ruminate on negative events in depression and provides evidence that surprising negative (versus surprising positive)
events are indeed prioritized in memory.
There are several mechanisms that could contribute to the
better encoding of surprising negative events in depressive
individuals. Unsigned prediction errors are known to increase
arousal and deploy the LC-norepinephrine system (Nassar
et al. 2012), which co-releases dopamine signals that induce
hippocampal plasticity (Kempadoo et al. 2016; Takeuchi et al.
2016) and enhance episodic memory (Clewett et al. 2018).
Our results therefore suggest that LC activity is modulated
more by surprising negative events in depressive individuals
and by surprising positive events in healthy individuals. Given
projections between the LC and regions within the salience
network, such as the anterior cingulate cortex and amygdala,

previous work lends support to this hypothesis: depressive
individuals show greater striatal-cingulate functional connectivity (Admon et al. 2015) and more amygdala-modulated
memory for negative versus positive events, whereas the opposite pattern is true for healthy controls (Leal et al. 2014;
Young et al. 2016; Young et al. 2017).
Interestingly, in another line of work, the lateral habenula,
which is associated with the processing of negative prediction
errors (Matsumoto and Hikosaka 2007), has been strongly
implicated in modulating symptoms of depression (Yang
et al. 2018). This link suggests that greater activity of the
lateral habenula in depressive individuals may support the
mnemonic bias towards negative prediction error events.
Future neuroimaging work should characterize how unsigned
prediction errors differentially modulate memory for negative
versus positive prediction error events in depression.
An alternative explanation is that an attentional bias for
negative events (Gotlib and Joormann 2010; Joormann and
Quinn 2014) leads depressive participants to spend more time
looking at scenes associated with strong negative prediction
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non-depressive

depressive

risk
high
low

Exp 1

Exp 2

memory

Fig. 5 Memory. Binned item
recognition memory as a function
of prediction error in high- and
low-risk rooms, divided between
depressive and non-depressive
groups, across all three experiments. Item memory was binned
by the quartile values of prediction errors within each room to
illustrate the effects of prediction
errors on memory; each dot represents the average value within
that quartile. Note that no statistics were run on the binned
values, and they are plotted only
to illustrate the mixed-effects regression modeling. Highmagnitude prediction errors increased item recognition memory
across all experiments and
groups. There were no overall
differences in memory between
depression groups. However,
there was a three-way interaction
between the unsigned prediction
error, the valence of the prediction
error, and depression group, such
that depressive participants are
more likely to remember highmagnitude, negative prediction
error items, whereas nondepressive participants are more
likely to remember high-magnitude, positive prediction error
items. Error bars represent SEM
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Exp 3

prediction error

depressive
non-depressive

prediction error valence
Fig. 6 Intercept and slope values for the unsigned prediction error effect
on memory. Mixed-effects logistic regression models were run separately
for positive and negative prediction error outcomes in the depressive and
non-depressive groups. Bar plots represent average intercept value (left)
and slope value (right) as a function of the valence of the prediction error
and depression group. There were no differences in the intercept value,

but we found an interaction in the slope of this effect (representing the
degree to which unsigned prediction errors are improving item memory),
such that unsigned prediction errors are boosting memory more so for
negative events in depressive individuals and for positive events in nondepressive individuals. Error bars represent SEM
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errors (and thereby encoding them in memory). Future studies
could test this by using eye tracking as a measure of attention.
Our study has several limitations. First, our depressive group
was not a clinical sample, and our findings need to be tested
specifically in patients suffering from MDD. Moreover, given
the heterogeneity of symptoms in MDD, future studies should
take additional measures to allow testing for the modulation of
the interaction between learning and memory by the severity of
symptoms such as anhedonia, rumination, and anxiety. In particular, anhedonia has been shown to impair reward learning performance regardless of depression severity (Admon and
Pizzagalli 2015; Chase et al. 2010; Gradin et al. 2011) and can
similarly desensitize individuals to negative outcomes, whereas
anxiety increases sensitivity to negative outcomes (Mueller et al.
2015). Individual measures of depressive symptoms along with
co-morbid symptoms of anxiety could provide a better picture of
which aspects of the disorder are giving rise to the biases in
memory. We additionally did not collect medication information
so could not test for the potential effects of neuroactive substances on performance.
Nevertheless, it is notable that 26% of our Amazon
Mechanical Turk (mTurk) sample scored moderately to severely
depressed. This is consistent with a recent finding that depression
is two to three times higher in mTurk workers (under 50 years
old) than matched national samples (Walters et al. 2018). This
further suggests that researchers can characterize or, alternatively,
need to control for the effects of depression in their mTurk experiments. In conclusion, our findings, in a heterogenous, online,
non-clinical population, are fully in line with previous literature,
suggesting that our task, and the interactions we found between
learning and memory, may prove useful in clinical settings as
well.
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