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ABSTRACT

A central challenge in cognitive science is to distinguish between multiple processes that can
result in similar behaviours. In reinforcement learning (RL), one prominent example concerns two
potential drivers of choice repetition: (i) a confirmation-bias learning asymmetry, in which agents
learn more from outcomes that confirm their choices, and (ii) choice perseveration, an outcome-
independent tendency to repeat past choices. Evidence for asymmetric learning has typically
relied on computational models that control for perseveration, or specific behavioural markers
designed to reveal asymmetric learning. Here, we show both these approaches have critical flaws
and can spuriously detect learning asymmetries even in perseverative, symmetric-learning
agents. To address this, we introduce a novel statistical test that distinguishes genuine learning
asymmetries from spurious effects. Applying this test to a large dataset spanning ten published
experiments, we find that some previously reported confirmation biases are fragile, albeit others
remain robust even at a meta-analytic level. Finally, we propose a new task design that can yield
a more valid qualitative signature of confirmation bias. We suggest our approach provides a
reliable framework for disentangling processes underlying choice repetition, while providing tools
for the wider research community that can minimize potential spurious effects arising from
process mimicry and biased parameter estimation.



INTRODUCTION

Reinforcement learning (RL) models are an indispensable tool for dissecting mechanisms of
human decision-making. RL models formalize learning as a trial-and-error process wherein an
agent updates the expected value of different options based on a difference between expected
and received rewards, a quantity known as prediction error (1). While standard models assume
this updating process is symmetric (i.e., occurring to an equal extent for positive and negative
prediction errors), an emerging insight has been that human learning is often asymmetric.

Studies, primarily in the context of bandit tasks, show that better-than-expected outcomes
(confirming a choice) drive learning more readily than worse-than-expected outcomes
(disconfirming a choice) (2—6). This mirrors other learning asymmetries in learning, including
greater belief updates following positive feedback (optimism bias) (7,8) or feedback that aligns
with our identity or prior beliefs (confirmation bias) (9-12). Such learning biases are suggested to
provide a mechanistic account for a wide range of phenomena, ranging from disorders like
depression (13-15) through to polarized belief formation (16,17) and cognitive processes such
as transitive inference (18). Recent work has suggested learning asymmetries are operative at
the single-neuron level and form the basis for distributional RL theories (19-21).

To infer learning asymmetries in behavior, choice-repetition patterns are frequently invoked.
Models that assume symmetric learning frequently predict choice-repetition rates that are either
higher or lower than empirically observed. By contrast, asymmetric outcome-based learning
models naturally account for such discrepancies. Overweighting positive feedback for a chosen
option, renders an agent more likely to repeat that choice, creating a self-reinforcing loop (22),
while overweighting negative feedback predicts increased choice alternation. However, gradual
choice-perseveration (hereafter referred to simply as “perseveration”), a tendency to repeat
previous choices regardless of their outcomes, provides an alternative account for choice
hysteresis/inertia. Here a positive perseverative tendency can arise out of habit formation (23).
Conversely, novelty seeking, a drive to explore less-frequently chosen options, leads to choice
alternation or “negative perseveration” (24,25). Consequently, to better understand the
mechanisms generating choice behavior (e.g., whether these are choice or outcome-based) it is
critical to dissociate learning asymmetries from perseveration. Here, we focus on how we can
dissociate confirmation bias from gradual choice-perseveration, a topic that has attracted interest
and debate in recent years.

Researchers studying learning asymmetries face the problem of model mimicry, whereby
perseverative behavior can masquerade as a learning asymmetry (22). In other words, when an
agent learns symmetrically but is also subject to a perseverative influence then fitting their
behavior with a model that ignores the latter tendency will lead to a systematic error. The model
will incorrectly attribute outcome-independent choice repetition to an outcome-dependent learning
bias, resulting in a spurious, by-construction, estimate of a learning asymmetry. From this
perspective, perseveration is a nuisance process that must be controlled for in order to uncover
a genuine contribution from a learning asymmetry (i.e., the primary focus of interest).

Researchers typically followed two main strategies to deal with this problem. Firstly, they use a
hybrid model, that includes simultaneous contributions from learning asymmetries and



perseveration. Here the goal is to isolate a learning asymmetry that "survives" a statistical control
for perseveration. Secondly, researchers have developed behavioral markers or ‘signatures’,
which assume to selectively indicate learning asymmetries while being insensitive to
perseveration. Here, we reevaluate these strategies in turn, highlighting pitfalls with current
approaches and proposing solutions.

From the perspective of modeling, a critical assumption is that hybrid model yields unbiased
estimates of learning asymmetries by fully controlling for perseveration. Notably, previous reports
of a significant confirmation bias (measured ignoring perseveration) become non-significant when
reanalyzed using hybrid models (26). However, here, we show this critical unbiasedness
assumption is not necessarily correct and that the prior application of the hybrid model yields
biased learning-asymmetry estimates, risking spurious conclusions. Indeed, perseverative
agents, with symmetric value updating, can systematically be misidentified as having a learning
asymmetry (spurious by construction). We show this can emerge particularly from use of designs
with limited number of trials per-participant (typically the case in many experimental designs) and
is further amplified when the fitting procedure uses perseveration-shrinking parameter priors.
While this can be mitigated when parameter-priors are removed, it disappears only with an
unfeasibly large number of trials. Additionally, we also reexamine behavioral signatures previously
proposed as indicators of learning asymmetries, highlighting critical limitations. We show these
signatures are sensitive to perseveration in ways that either invalidate them or substantially limit
their practical utility.

The difficulty of reliably dissociating learning asymmetries from perseveration inspired us to
develop a novel, empirically-grounded, computational solution. We introduce a bespoke
bootstrapping-based statistical test that controls for biased estimates within the hybrid model. This
provides a rigorous method to test for genuine learning asymmetries by allowing for the rejection
of a null hypothesis, where behavior is driven only by perseveration and symmetric learning.
Applying this method to four prominent studies drawn from the literature (spanning 10
experiments), we show that evidence for learning asymmetries (specifically positivity/confirmation
biased) is more nuanced than previously thought. Indeed, several studies, which in previous
hybrid-model-based analyses were considered to provide evidence for a confirmation bias, fail to
do so under our proposed novel hypothesis test. Reassuringly, we still find evidence for a
significant positive learning asymmetry within individual studies and at the meta-analytic, across-
study, level. Finally, we present a novel task design capable of providing a qualitative behavioral
signature that directly implicates learning-asymmetry thus providing a more robust framework for
studying learning biases, minimizing a potential subtle but significant methodological confound.
Finally, while we focus on dissociating learning asymmetries from perseveration in reinforcement
learning, the issues we highlight have much broader relevance. In particular, our findings highlight
more general challenges such as process-mimicry and biased parameter estimation that may
contribute to spurious conclusions.



RESULTS

A Hybrid Model Reduces, but Does Not Eliminate, Measured Confirmation Bias in
Empirical Data

A central challenge in modeling reinforcement learning is to dissociate the influence
of asymmetric value updating (i.e., confirmation bias) from that of choice perseveration (22,26—
28). It has been argued that hybrid models, which incorporate parameters for both mechanisms,
can effectively disentangle their respective contributions to behavior (26). Here, we scrutinize this
claim by focusing on a prominent hybrid model architecture proposed by Palminteri et al. (27).

In this model, the values (Q-values) of available options are updated based on prediction errors
(6¢), but the learning rate applied depends on whether an outcome confirms or disconfirms the
choice. For a chosen option C, the Q-value is updated as follows:

Qe(C) + ac - 6.(C) if 6,(C) >0

Qe+1(C) = {Qt(c) + ay-6:(C)if 6:(C)<O0

where 6,(C) = R;(C) — Q.(C) is the prediction error. Better-than-expected outcomes (6,(C) > 0)
are considered confirmatory and are learned from with rate a., while worse-than-expected
outcomes (5:(C) < 0) are disconfirmatory and learned from with rate a,.

Research on learning asymmetries typically uses bandit tasks with either partial feedback
(outcome for the chosen option only) or full feedback (outcomes for both chosen and unchosen
options). This distinction is critical, as full feedback allows for a more complete test of confirmation
bias, which predicts a specific, reversed learning pattern for unchosen options: a better-than-
expected outcome for this option is treated as disconfirmatory, as it suggests the agent made the
wrong choice. Accordingly, the unchosen option value is updated as follows:

Q:(U) + a.-6.(UV)if 6.(U) <0

Qe (U) = {Qt(U) + ag - 6.(U) if 5,(U) >0

Across both partial and full feedback designs, the degree of confirmation bias is quantified from
the fitted learning rate parameters. We assess this using two standard metrics: the absolute
confirmation bias, calculated as the simple difference (¢, — @4), and the normalized confirmation
bias, which accounts for the overall learning rate, calculated as (a. — a4)/(a; + ag).

In parallel, the model tracks choice perseveration using a choice trace, C;(i), for each option i.
This trace is updated on every trial:

cW+t-(1-c@)ifi=cC
C@+t-(0-CQM)ifi=U

The parameter t governs the accumulation rate of choice traces, in practice acting as a learning
rate for choice history.

Ces1 @) = {

Finally, both the learned values and the choice traces are injected into a softmax decision rule to
compute the probability of choosing one option over another:
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p(choose A over B) =

Here, B is the inverse temperature scaling the influence of Q-values, and ¢ is the inverse
temperature parameter scaling the choice trace.

We first applied this hybrid model to four publicly available datasets (2—4,26), spanning 10 bandit-
task experiments (see “Methods: Analysed datasets”), and compared it to a Pure Confirmation
Bias (Pure CB) model that allows for asymmetric updating but not perseveration (¢, t = 0) (Fig. 1
top and middle arms). Importantly, for comparability with previous results we followed the same
fitting approach as used in these previous studies (see “Methods: Maximum a Posteriori
estimation (MAP)”). Replicating the findings of Palminteri et al. (27), the Pure CB model detected
a large confirmation bias (a. — a4z > 0) (t-test, p<0.05 in all experiments). This bias was still
evident in most experiments when fitting the hybrid model (p<0.05 in all experiments except for
P1,C1,C3 and S1a), but in actuality was significantly reduced (paired t-test, p<0.05 in all
experiments except for P2, C1, C3, and C4) due to choice perseveration parameters absorbing a
portion of the behavioral variance (see Fig. 2a). The same conclusion is reached when examining
the confirmation bias normalized by the overall degree of learning, (¢, — @4)/(a. + a4) (Pure CB,
all p’s<0.05; Hybrid model, all p’s<0.05 except for C3 and S1a; significant decrease in
confirmation bias, p<0.05 for all experiments except for C3; see. Fig.2b), another standard metric
for value learning asymmetries (6,27).

Under the assumption that the hybrid model fully controls for perseverative influences, thereby
allowing unbiased estimation of learning asymmetries, this supports a conclusion that a genuine
confirmation bias survives this control in most datasets. However, we next show that this
assumption is incorrect, and that perseveration with symmetric learning rates (PSL) can produce
artifactual confirmation biases.
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Figure 1: Schematic of the model comparison and simulation procedure. The figure illustrates the full
analysis pipeline applied to data from each of 10 bandit-task experiments (top right box). We fitted
participant data with three different models: (i) a Pure Confirmation Bias (CB) model, which allows for
asymmetric value updating but not choice perseveration (¢ = 0) (top arm); (ii) a perseveration with
symmetric learning rates (PSL) model, which enforces symmetric value updating (a, = a.) but allows for
choice perseveration (middle arm, blue box); and (iii) a Hybrid model, allowing for both asymmetric
updating and choice perseveration (bottom arm). To quantify artifactual confirmation bias due to choice
perseveration, we implemented a simulation and re-fitting procedure where , we first obtained best-fitting
parameters from the PSL model fits (blue box in middle arm). We then used these parameters to
simulate new datasets (gray box in middle arm), creating a ground truth with perseveration but no true
confirmation bias. Finally, these simulated datasets were re-fitted with the Hybrid model (violet box in
middle arm) to measure the magnitude of any spurious confirmation bias that emerged.

Choice Perseveration Masquerades as Spurious Confirmation Bias

Here, we took a “devil’s advocate” approach to demonstrate that, using the above method, a
perseverative agent (without any learning asymmetries) could be misidentified as having a
confirmation bias. Previous work by Sugawara and Katahira (26) suggested that such a hybrid
model can accurately dissociate the effects of asymmetric value updating (a difference
between a, and a,) from those of choice perseveration (a positive ¢). However, this conclusion
was based on simulations of a particular task design and set size, where model parameters were
drawn from specific prior distributions, leaving open a question regarding generalizability. We
show that this conclusion does not generally hold across the diverse task designs and empirically-
derived parameter distributions represented in our datasets.

In pursuing our goal, we used an alternative, empirically-grounded simulation and re-fitting
procedure (Fig. 1, bottom arm). First, to estimate each participant's degree of choice
perseveration under an assumption that their learning is truly symmetrical, we fit their data with a
perseverative symmetrical learning (PSL) model, enforcing symmetric value updating (a, = a;)
but allowing for choice perseveration (¢ # 0,7 > 0). Second, we used the parameters estimated
from each participant to simulate new behavioral datasets from PSL agents. These simulations
represent a ground truth scenario where behavior is generated by symmetric updating and choice
perseveration, with no underlying confirmation bias. Finally, we fit these simulated datasets with
the full hybrid model (which allows a. # a,). If the hybrid model allows for an unbiased estimation
of learning asymmetries, then no confirmation bias should be detected in these fits. In other words,
any significant positive difference found between a, and a, in these simulations represents, by
construction, a spurious confirmation bias (i.e., an artifact of model fitting where the behavioral
patterns generated by perseveration are misattributed to asymmetric value updating). We applied
this approach to the publicly available datasets detailed in the previous section. To minimize
prediction-noise, we used a large number of simulations (1001 per participant), which provide
high statistical power to detect small, but consistent, learning-asymmetries (see “Methods: Model
simulations” for simulation specifications).

We found a significant artifactual confirmation bias in nearly all experiments for both the absolute
difference in learning rates (all p’s<0.05; except for C4, p=0.07) and in the normalized bias metric
(all p’s<0.05) (see Fig.2a-b, violet points). This demonstrates that contributions from choice
perseveration can be systematically misattributed to asymmetric value updating (also see Sl 1.1),



highlighting a confound that persists even when explicitly accounting for both processes. These
findings hold even when we use a more flexible model with separate learning rates for chosen
and unchosen options (see Sl 1.2).

We also examined how the presence of the asymmetric learning parameters in the hybrid model
affected the estimation of the perseveration parameter, ¢. Fitting the actual participant data, we
show that the estimated perseveration weight (¢) was significantly greater for the PSL model than
for the hybrid model (Fig. 2c, red vs. blue points). Complementing this, our simulation analysis
showed that when fitting the PSL simulations with the hybrid model, the recovered ¢ parameter
was systematically underestimated compared to its true generative value (Fig. 2c, violet vs. red
points).

Overall, these results point to a critical tradeoff within the hybrid model: the emergence of a
spurious confirmation bias comes at the cost of underestimating the true contribution of choice
perseveration. The model incorrectly partitions the variance from a single perseverative
mechanism into two separate, and consequently misestimated, parameters. However, even in the
absence of perseveration we find a much smaller spurious confirmation bias (see Sl 1.3). We also
found this tradeoff does not operate in the opposite direction: when simulating an agent with a
true confirmation bias but no perseveration, the hybrid model does not attribute some of the
variance to a spurious perseveration parameter (see Sl 1.4).
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Figure 2: Confirmation bias and perseveration parameters estimated from empirical data and
simulations. (a) Absolute confirmation bias (a. — a4) estimated from fitting participant data with the
Pure CB model (yellow points) and the Hybrid model (red points). Additionally, violet points show the
spurious confirmation bias recovered when fitting PSL simulations with the Hybrid model. A spurious
confirmation bias is detected across most experiments even when the generative model has no learning
asymmetry. (b) Same as (a), but for the normalized confirmation bias, defined as (a, — ay)/(a. +
a4). (c) The perseveration parameter (¢) estimated from participant data using the Hybrid model (red
points) and the PSL model (blue points). Violet points show the ¢ values recovered from fitting the
Hybrid model to simulations of PSL agents, whose original generative parameters are shown in blue. The
recovered violet points are systematically lower than the generative blue points, indicating
underestimation. Points and error bars represent mean + SEM across participants/simulations.



Priors in the Fitting Procedure Can Bias Parameter Estimates

When fitting the hybrid model, we followed the standard Maximum a Posteriori (MAP) estimation
method used in all studies we consider (see “Methods: Maximum a Posteriori estimation (MAP)”)
(2-4,26). A key feature of this method is its reliance on prior distributions for the parameters,
which, if too stringent, can bias the resulting estimates, particularly in small datasets. For instance,
following previous research, we used a narrow normal distribution (N(0,1)) as a prior for the
perseveration parameter (¢). Given that perseveration is generally positive in our datasets, we
suspected such a prior could produce a systematic underestimation (i.e., shrinkage) of this
parameter. If a shrunk perseveration process is unable to accommodate for repetition rates in the
data (to which the model was fitted), then spurious learning asymmetries can emerge. In turn, this
can (partially) account for a confirmatory-learning/perseveration tradeoff observed in the previous
section.

To test this possibility, we conducted a parameter recovery study. We simulated datasets from
the Hybrid model (based on the empirical parameters of all experiments) and then fitted these
datasets with the same model (see “Methods: Comparison of Model Fitting Procedures”). As
suspected, the MAP fitting procedure systematically underestimated the true generative ¢
parameters (mean difference between recovered and generative parameter = -0.29, p<0.001; Fig.
3a-b, top left). Concurrently, the recovered confirmation bias was significantly overestimated for
MAP fittings (mean difference = 0.031, p<0.001; Fig. 3a-b, bottom left).

We then considered the alternative of a Maximum Likelihood Estimation (MLE) parameter-
estimation procedure, which relaxes assumptions about parameter priors (see “Methods:
Maximum Likelihood Estimation (MLE)”). While this procedure still produced a significant
underestimation of ¢ (mean difference = -0.13, p=0.007; Fig. 3a-b, top-right), it was nevertheless
significantly smaller than that observed using the MAP procedure (p=0.001; Fig. 3b, top).
Moreover, MLE led to a slight underestimation of a confirmation bias (mean difference = -0.013,
p<0.001; MLE vs MAP, p<0.001; Fig. 3a-b, bottom right), indicating a reduced susceptibility to an
artificial inflation of learning rate asymmetries.

Next, we tested whether these two fitting procedures produced different results for our datasets.
When we fitted participants' data with a hybrid model the MAP procedure, across experiments,
resulted in a lower estimate for the ¢ parameter (p<0.05; Fig. 3c right panel), but a significantly
higher estimate for a confirmation bias (absolute, p<0.01; normalized, p<0.05) compared to the
MLE procedure (see Fig. 3c left and middle panels). This same trade-off was observed when the
hybrid model was fit to PSL simulations (based on PSL fitted parameters; Fig. 3d). However, even
though MLE produced a reduction in the spurious confirmation bias (absolute, p<0.001;
normalized, p<0.01), this spurious confirmation bias was still significantly positive (absolute,
p=0.028; normalized, p=0.02; see Sl 2.2 for equivalent of Figure 2 for MLE procedure). Notably,
when we simulated a simple symmetric learning model without perseveration, the MLE procedure
did not produce a consistent, spurious confirmation bias (see Sl 2.1), unlike the MAP procedure
(see Sl 1.3). This indicates that MLE is less susceptible to estimation biases that go beyond the
primary issue of model mimicry.

Our results suggest that applying shrinking priors to the perseveration parameter biases the
parameter fits, leading to an underestimation of perseveration and a corresponding spurious



inflation of confirmation bias. However, even non shrinking procedures like MLE can still yield
biased learning rate asymmetries.
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Figure 3: Priors in the fitting procedure bias parameter estimates and inflate spurious confirmation
bias.(a) Parameter recovery for parameters in the hybrid model. The scatter plots show the generative ¢
(top) and confirmation bias (a,. — a;) (bottom) parameters used in the hybrid simulations (y-axes) versus
the parameters recovered by the fitting procedure (x-axes), using either MAP (left) or MLE (right)
estimation. (b) Parameter estimation errors for each procedure. This panel shows the difference between
the fitted and generative parameters from (a). Negative values indicate that the fitting procedure
underestimates the parameter, while positive values indicate overestimation. (c) Trade-off between
perseveration and confirmation bias forempirical data. Average results across 10 experiments from fitting
the hybrid model to participant data using either MAP (circles) or MLE (squares). Using the MAP procedure
results in a inflated estimated confirmation bias (absolute, left; normalized, middle) and a lower
estimated ¢ (right). (d) Similar to (c) but based on fits for the PSL agent simulations. Note that for the
leftmost panel represents the underestimation of ¢ by each procedure (i.e., the differences between the
¢ fitted with the hybrid model, and the one used to generate the PSL simulation). Fitting the PSL datasets
with MLE still generates a spurious confirmation bias (zoomed-in panels at the bottom). Circles/squares
represent the mean result when fitting with MAP/MLE respectively, and error bars represent the standard
errorofthe mean (s.e.m.) across the experimental means. (n.s. p>0.05; *p <0.05; **p <0.01,***p <0.001).



Asymptotic Dissociation of Perseveration and Confirmation Bias in Large Datasets

Our finding of a spurious confirmation bias using MLE (Fig. 3d) may be surprising at first glance.
However, MLE guarantees unbiased estimation only at the “asymptotic limit” of very large
datasets. Researchers collecting hundreds of trials per participant might assume they are within
this asymptotic range, but is such an assumption justified? To address this question, we next
tested whether, and at what rate, a spurious learning-asymmetry bias decreases as a function of
set size. We simulated the behavior of PSL agents on the P2 task design (a common full-feedback
design in the literature) using the average best-fit empirical parameters from that task. We
systematically varied the size of the simulated datasets, from 1 to 100 sessions (where each
session encompassed 4 blocks of 24 trials). For each size, we generated 4000 datasets and
subsequently fitted them with the full hybrid model (using MLE) to assess the resulting parameter
estimates (see “Methods: Asymptotic Parameter Estimation”).

The analysis revealed that the magnitude of the spurious confirmation bias decreases rapidly as
a function of set size (Fig. 4a). However, this artifact remained significant until a very large number
of trials—around 7,000—were included in the simulation. In contrast, tasks in the datasets we
consider here usually employ around 200-400 trials, and on this basis are highly susceptible to a
spurious confirmation bias. Examining the confirmatory and disconfirmatory learning rates,
separately, revealed that a spurious confirmation bias in smaller datasets was driven by a
systematic underestimation of the confirmatory learning rate (a.), which quickly converges to the
true value (for tasks larger than 600 trials), coupled with an even greater underestimation of the
disconfirmatory learning rate (a;) which takes much longer to converge (only converging after
9,000 trials; Fig. 4b). The perseveration parameters were also misestimated in small datasets
(see Sl 2.2 for the asymptotic behavior of the perseveration parameters). This small-sample
issues are substantially worse for MAP estimation, as overcoming the influence of parameter
priors requires an unfeasibly large number of trials (~100,000) to cleanly dissociate perseveration
and learning asymmetries (see Sl 1.5).
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Figure 4: Spurious confirmation bias is reduced with dataset size. The figure shows parameter
estimates obtained by fitting the Hybrid model to simulations of PSL agents, as a function of the number
of sessions in the simulated dataset (where each session encompasses 4 blocks of 24 trials) and the
fitting procedure used. The simulations were based on the task in the second experiment (full feedback



condition) from Palminteri et al. (2017). (a) The absolute confirmation bias (a, — a ) fitted with MLE is
large for small datasets and asymptotes towards zero for large datasets (around 7,000
trials). (b) Disaggregation of the effect in (a), showing the separately recovered confirmatory (a.) and
disconfirmatory (a ;) learning rates. In all panels, solid lines and shaded areas represent the mean £+ SEM
across 4000 simulations. Dashed lines represent the true generative parameter value used in the
simulations. Note the difference x and y-axes scales used in left-side and right-side panels.

Perseveration Level Influences the Magnitude of Spurious Confirmation Bias

So far, our results establish that perseveration can generate a spurious confirmation bias, but
leaves open the question of how different levels of perseveration may contribute to this artifact.
To better understand this, we conducted a parameter sweep analysis to characterize the
relationship between the strength of an agent's perseveration and the magnitude of the resulting
spurious bias.

To test this, we simulated perseverative symmetrically-learning (PSL) agents in experiment P2
(using the average empirical parameters from such experiment), and then we systematically
varied the perseveration parameter (¢) between -7 and 7 while holding the other PSL parameters
fixed. We then fitted these simulated datasets with the hybrid model using MLE (see “Methods:
Parameter Sweep of the Perseveration Parameter”). The analysis revealed that an artifactual
confirmation bias increased as a function of the perseveration parameter (Fig. 5a-b). However,
this relationship was highly asymmetric: positive values of ¢ generated a strong spurious
confirmation bias, while negative values of ¢p generated a much weaker spurious disconfirmation
bias (see Sl 2.5 for parameter sweep of other generating parameters).

This asymmetry has an important implication in that an individual with a negative ¢ (anti-
perseverative) will typically exhibit a spurious disconfirmation bias, whilst a population of agents
with a negative average ¢ can still produce a group level positive confirmation bias . This is
because strong positive artifacts generated by perseverative individuals in the population can
overwhelm weaker negative artifacts from the anti-perseverative individuals. To test this explicitly,
we generated 2,000 simulations of a PSL population with an average negative ¢ ( average ¢ = -
1, p<0.001) (Fig. 5c) (see “Methods: Simulation of a Population with Negative Perseveration”).
When this dataset was fitted with the hybrid model, we detected a significantly positive
confirmation bias, for both the absolute (mean=0.04, p<0.001; Fig. 5d) and normalized metrics
(mean=0.05, p<0.001; Fig. 5e). These results illustrate that a significant, albeit spurious,
confirmation bias can emerge at the group level even when the population’s average tendency is
anti-perseverative (see Sl 1.6 for equivalent conclusions using MAP estimation).
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Figure 5: The perseveration parameter (¢p) systematically influences the magnitude of spurious
confirmation bias. (a) Recovered absolute confirmation bias (a. — a,) as a function the generative ¢
parameter. The dashed vertical line represents the average empirical parameter in the experiment.
(b) Same as (a), but for the normalized confirmation bias metric, (a, — ag)/(a, + ay). (c-e) Results from
a separate simulation where the generative ¢ parameter was drawn from a perfectly symmetric
distribution centred at zero. (c) The distribution of the generative perseveration parameter (¢) from the
PSL simulations, which follows a uniform distribution with a mean of -1. (d) The absolute confirmation
bias detected when fitting these PSL simulations. The fitted bias is significantly positive
(p<0.001). (e) Same as in (d), but for the normalized confirmation bias, which is also significantly positive
(p<0.001). In all panels, dots represent the mean parameter, and histograms represent the parameter
distribution.

Testing Against a Null Distribution of Spurious Confirmation Bias

Given these problems of unbiased asymmetric-learning estimation using the hybrid model, we
propose a new statistical test for the null hypothesis (HO) that individuals engage in symmetric
learning (and might exhibit choice perseveration) against the alternative hypothesis (H1) of
asymmetric learning + perseveration. For that, we generate a null distribution for the hybrid
model's estimation of learning asymmetry under HO. Comparing the empirical confirmation bias
against this null distribution allows us to test, even in “non asymptotic datasets”, whether it is
statistically significant or simply reflects biased parameters.

To generate this null distribution, we followed a precise parametric bootstrapping procedure. The
process began by fitting each participant's data with the PSL model using MLE, to obtain their
individual best-fit parameters. This allows us to estimate the extent of participants’ perseveration
under HO. Using these parameters we then generated 1,001 simulated behavioral datasets of the



PSL model for each participant. Next, each of these simulated datasets was fitted with the full
hybrid model, yielding a large pool of potential “spurious bias” (i.e., the difference between positive
and negative learning rates) estimates for every participant. For an experiment with N participants,
this resulted in a total pooled set of N x 1,001 artifactual bias estimates. Finally, to create a null
distribution for the mean population-level spurious-effect expected under HO, we used a bootstrap
analysis on this pooled data. We generated 10,000 bootstrap samples; each sample was created
by drawing N bias estimates at random without replacement from the entire pooled set and
calculating their mean. This method effectively simulates drawing new samples of N participants
from a population defined by the observed distribution of perseverative tendencies. This process
created the final null distribution of 10,000 plausible mean artifactual biases against which the
empirical results could be compared. We tested for a positivity/confirmation biased by calculating
a p-value as the proportion of null samples (out of 10,000) which were larger or equal in magnitude
to the empirical effect (group level difference between positive and negative learning rates).

Correcting for perseverative (spurious confirmation) artifacts this analysis provides evidence that
a confirmation bias is less widespread than previously thought. Only half (i.e. 5 out of 10) analyzed
experiments demonstrated a significant absolute confirmation bias (p < 0.05 for L1, L2, P2, C2
and C4; see Fig. 6a), while using a normalized metric, 4 out of 10 experiments showed a
significant effect (p < 0.05 for L1, P2, C1 and C4; see Fig. 6¢). The impact of this stricter
hypothesis testing is best illustrated by contrasting its results with those obtained from a direct t-
test of the MLE estimates (without controlling for spurious learning asymmetries). For instance, in
Chambon et al. (C2), a direct fit produces a significant normalized confirmation bias. However,
with our approach, we find this bias is not significantly greater than would be expected from a
symmetric learning process coupled with choice perseveration (Fig. 6¢). By contrast, the absolute
confirmation bias in L2, which is non-significant when directly fitting the hybrid model, leads to a
significant rejection of the null hypothesis under our new procedure (Fig. 6a). Importantly, our
bootstrapping procedure generally produces fewer significant findings than the approach used in
prior research of fitting a hybrid model with MAP estimation (Fig 6e), highlighting our method
mitigates the risk for false detection of learning asymmetries above and beyond perseveration.

To examine the evidence for a confirmation bias across the entire dataset, using our novel test,
we computed a bootstrapped meta-analytic null distribution by averaging across the single-study
null distributions. This revealed a significant confirmation bias at the meta-analytic level, for both
the absolute and normalized metrics (p < 0.001; see Fig. 6b,d), suggesting that the overall
evidence supports the presence of genuine asymmetric value updating, even after rigorously
accounting for estimation biases.

Finally, in a “sanity check” validation-study, we also applied our statistical procedure to synthetic
data generated from the PSL model and confirmed that our method does not reject HO in this
case (see Sl 2.4). The same approach failed when a bootstrapping test was based on the MAP,
rather than ML, estimation methods (see Sl 1.7).
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Figure 6: Testing empirical confirmation bias observed in participant data against a null distribution
of artefactual bias generated from PSL simulations. All model fits used in this procedure are based on
MLE. (a) Absolute confirmation bias (a, — ay) for each of the 10 experiments. Each violet histogram
represents the null distribution of the mean artifactual bias for that experiment, generated via a bootstrap
procedure from PSL simulations. The overlying dots represent the mean empirical confirmation bias.
(b) Meta-analytic equivalent of panel (a), showing the mean absolute confirmation bias aggregated across
all 10 experiments. The violet histogram is the meta-analytic null distribution, and the red dot is the
observed meta-analytic mean. (c) Same per-experiment analysis as panel (a), but for the normalized
confirmation bias metric, defined as as (a, — ay)/(a. + ay). (d) Meta-analytic result for the normalized
confirmation bias, corresponding to panel (c). Dots are colored red if this empirical mean was significantly
largerthan zero in a one-tailed t-test, and white otherwise. Stars indicates significance level when testing
whether the observed empirical bias (dot) is greater than the artefactual bias predicted by the null
distribution (*p <0.05; *p < 0.07;,***p <0.001). (e) Comparison between the conclusions drawn from the
original method (Hybrid model with MAP, top row) versus our new bootstrapping method (bottom row).
“X” indicates that a significant confirmation bias was not detected (p > .05), while “v” indicates a
significant bias was detected. The tables show that our method leads to fewer significant findings for both
absolute (left) and normalized (right) confirmation bias.



Limitations of current behavioral signatures

In addition to computational modeling, the literature has proposed several behavioral signatures
to support the presence of learning asymmetries. However, because these signatures were often
developed without considering the influence of perseveration, it is crucial to re-evaluate whether
they can reliably dissociate the two processes.

One approach, proposed by Palminteri and Lebreton (2022), identifies three behavioral patterns
associated with confirmation bias (5) (see “Methods: Simulations for Palminteri & Lebreton (2022)
Signatures”). To test whether these signatures reliably dissociate confirmation bias from
perseveration, we simulated behavior from both a confirmation bias model (with no perseveration)
and our PSL model. First, in a task with two equally rewarding random bandits (each with a 50%
probability of reward and non-reward), a confirmation bias model (compared to symmetric
learning) predicts a stronger preference for one option. This occurs because once an early-
selected choice elicits a reward, it is difficult to "erase" the impression that it is better, as this initial
reward is weighted more heavily than subsequent losses. Our simulations confirm this intuition,
but also shows a PSL model produces a similar pattern (Fig. 7a, top row). Second, in a reversal
task, a confirmation bias model predicts slower adaptation after the reward contingencies reverse
(compared to a symmetric learning account with no perseveration) because negative feedback
for the pre-reversal better choice-option, is underweighted. Again, our PSL-simulations showed
that perseveration produces similar effects (Fig. 7a, middle row). On this basis we can conclude
both signatures cannot conclusively implicate a learning-rate asymmetry. Finally, when choosing
between a safe and a risky option with equal mean rewards, a confirmation bias model predicts
(for high levels of confirmation bias) a preference for the risky option as wins are overweighted
compared to loses. Here, the PSL model produced the opposite pattern—a reduced preference
for the risky option (Fig. 7a, bottom row). Thus, a preference for the risky option can indeed
implicate a positivity bias beyond and above gradual perseveration. However, we believe the
practical utility of this signature is limited. For example, in our simulation a significant preference
for the risky option emerged only for levels of confirmation bias higher than those typically
observed (e.g., higher than our meta-analytic estimate of around 0.1) with lower levels of
confirmation bias yielding a preference for the safe option (Fig. 7a, bottom row, middle panel).
Furthermore, a co-occurring perseverative tendency, which favors the safe option, can counteract
and mask a true underlying confirmation bias (see Fig.7a bottom right panel). We also note that,
although not the topic of the current paper, a preference for the risky option could also be
explained by alternative risk-seeking mechanisms.

As alternative regression-based signature has been proposed by Katahira (2018) (22) (see
“Methods: Simulations for Katahira (2018) Regression Signature”). This involves regressing the
probability of repeating on a current trial t+1 a choice from trials t and t-1 (this analysis is restricted
to trials where the same option was chosen at t and t-1) on rewards from both these trials.
Intuitively, the interaction term between the two past rewards captures how the influence of a past
outcome is modulated by a subsequent one. A negative interaction is the key putative signature
of confirmation bias because if the learning rate on trial t is higher when this trial's outcome is a
reward (compared to non-reward) then this serves to weaken the influence of the outcome of trial
t-1 on the current choice. Conversely, a positive interaction would signify a disconfirmation bias.



While the authors provided a general mathematical intuition for this signature, it was only validated
in a specific reversal task design, and only for positive perseveration values. This leaves its
generalizability to other designs and negative perseveration as an open question. Our analyses
shows that even within this reversal-design, agents with negative perseveration also produce a
negative interaction term that might be confused with a confirmation bias (Fig. 7b top). We note
that most empirical studies are better powered to test behavioral signatures at the group level
rather than the individual level. The results in Figure 7b (right) indicate that this interaction
signature can be negative at the group level even when group-level perseveration is positive, as
participants with “negative perseveration” contribute more to towards a negative signature (than
participants with positive perseveration contribute to its positivity).

Furthermore, when we tested this signature in a classic, non-reversal bandit task, we found that
all levels of perseveration, both positive and negative, produced the same negative interaction
signature as a confirmation bias (Fig. 7b bottom). This indicates this regression-based signature
does not fully dissociate learning asymmetries from perseveration and is highly sensitive to
aspects of the task design (see Sl 3 for results in other common task designs).

The upshot is that the behavioral signatures are subject to being confounded with perseveration-
contributions, or are only reliable under unrealistically high values of confirmation bias, limiting
their practical utility.
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Figure 7: Behavioural patterns associated with confirmation bias (Palminteri & Lebreton, 2022).(a)
Behavioural signatures proposed in Palminteri and Lebreton 2022. For each task design, we simulated
both a confirmation bias model (without perseveration) and our PSL models, sweeping over the
parameters of interest (a, — a; and ¢ respectively). (top row) Stable task signature. In a task with two
random bandits (both with 50% reward probability), the development of a preference (y-axis, representing
the choice rate for the most chosen bandit in a block) is more pronounced if participants exhibit both a
confirmation bias or choice-perseveration. (middle row) Reversal task signature. In a task where the
reward probabilities of the two bandits (80% and 20%) are flipped midway through the block, both



confirmation bias and perseveration predict a reduced ability to adjust to the reversal. (bottom row) Risk
task signature. In a task where one option is safe (100% probability of getting 0 points), while the other is
risky (50% probability of winning a point and 50% of losing a point), a higher confirmation bias predicts a
higher preference for a risky option, while positive perseveration predicts an increased preference for the
safe option. Dashed lines represent the choice rates for symmetric learning and no perseveration. (b)
Regression signature proposed in Katahira 2018. This panel tests the robustness of a regression-based
signature in a classic two-armed bandit task. The analysis uses a mixed-effects logistic regression model
(stay(t +1) ~R(t) * R(t —1)), restricted to consecutive choices of the same option. (top panels)
Katahira's reversal task. We simulated a task with 70%/30% reward probabilities and 4 reversals. The left
column shows that as confirmation bias increases, the interaction term becomes more negative. The right
column shows that for positive values of perseveration (¢>0), as simulated in the original paper, we find
no spurious interaction. However, for negative values of perseveration, a negative interaction emerges
that can be confounded with confirmation bias. (bottom panels) We simulated a classic non-reversal
bandit task with 25%/75% reward probabilities. The right column shows the interaction term for different
confirmation bias levels. The right column shows that for all tested levels of perseveration we find a
negative interaction term, demonstrating that the confirmation bias signature is not robust in this
common task design.

A proposal for a behavioural signature of a learning asymmetry

Given the limitations of extant behavioural signatures, we developed a new experimental design
offering a model-agnostic signature that can dissociate confirmation bias from choice-
perseveration (see “Methods: Simulations of New Behavioural Signature”). Our design features 4
bandits, whose outcomes are drawn from Gaussian distributions. These Gaussian distributions
vary in their mean (high-mean, ¢ = 2; low-mean, ¢ = 1) and variance (high-variance, ¢ = 1; low-
variance, ¢ = 0.5), in a 2x2 design (Fig. 8a). The task operates over two phases. In a learning-
phase, bandits are presented across-trials in two pairs (low-mean/low-variance vs. high-
mean/high-variance, and low-mean/high-variance vs. high-mean/low-variance), with participants
receiving full feedback for both chosen and unchosen bandits (Fig. 8b, left). In this phase, high-
mean bandits are mostly chosen and low-mean bandits mostly unchosen. If participants show a
confirmation bias, then a high-mean bandit with higher variance will end up being perceived as
better than the high-mean bandit with the lower variance (as the extreme positive values of the
higher-variance bandit will be overweighted). Conversely, the low-variance low-mean bandit will
be perceived as better than the high-variance low-mean bandit (whose extreme negative values
will be overweighted). In a second generalization-phase, we offer a choice between two new
pairings, where bandits of the same mean are paired against each other, without feedback, so as
to prevent additional learning (Fig. 8b, right).

As explained, confirmation bias, during learning, predicts a preference, during generalization, for
the high-variance bandit in the high-mean pair and for the low-variance bandit in the low-mean
pair, while a disconfirmation bias predicts the opposite pattern (Fig. 8c-d, middle panels).
Importantly, when learning is symmetric, this model predicts choice indifference. Furthermore,
simulations of a PSL model also predicts no preference, since the paired bandits have the same
expected values and have been sampled a similar number of times during first-phase learning
(Fig. 8c-d, right panels). Therefore, unlike the previous signatures, this design creates a scenario
where any significant deviation from chance performance in the generalization phase can be
uniquely attributed to learning rate asymmetries, above and beyond perseveration. Another key



advantage is that this signature also dissociates learning asymmetries from simple risk-seeking
preferences. A risk-seeking agent would consistently prefer the high-variance option in both the
high-mean and low-mean pairs. In contrast, a confirmation bias predicts a choice pattern that
depends on the interaction between mean and variance: a preference for high-variance in the
high-mean pair, but low-variance in the low-mean pair. This provides a unique and falsifiable
prediction that distinguishes the learning asymmetry account from a general risk preference, a
potential improvement over the "risk preference” signature (Fig. 7a, bottom) discussed in the
previous section.
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Figure 8: A novel behavioural signature to dissociate confirmation bias from choice perseveration.
(a) The task design involves four bandits whose outcomes are drawn from Gaussian distributions, varying
in mean (high-mean, green; low-mean, red) and variance (high-variance, broad; low-variance, narrow).
(b) The task has two phases. In the learning phase (left), participants learn about the bandits in two
specific pairings (low-mean/low-variance vs. high-mean/high-variance, and low-mean/high-variance vs.



high-mean/low-variance) with full feedback. In the generalization phase (right), bandits with the same
mean are paired against each other, and choices are made without feedback. (c-d) Predicted choice
probabilities in the test phase. The confirmation bias model (middle panels) predicts a preference for the
high-variance bandit in the low-mean pair and the high-variance bandit in the high-mean pair. Both the
unbiased model and the PSL model (right panels) predict no preference (a choice rate of 0.5).

DISCUSSION

Is there evidence for asymmetric learning in reinforcement learning that goes above and beyond
a tendency to perseverate on previous choices (or seek novel ones)? Here we provide a critical
re-evaluation of this question and introduce a novel approach to evaluating such evidence. We
first demonstrate that previous approaches, using a hybrid model that includes both mechanisms
acting simultaneously (26,27), can be biased in detecting a confirmation bias above and beyond
perseveration. Indeed, using simulations we show that even when these methods are used, a
perseverative symmetric-learning (PSL) agent is systematically misidentified as having
systematic learning asymmetries, which are spurious by construction. This problem is amplified
when using maximum a posteriori estimation (MAP) fitting procedures, common in much
research, which apply shrinking priors over the perseveration parameter contributing to an inflated
spurious confirmation bias. Although this is partially mitigated when using a non-shrinking
maximum likelihood estimation (MLE) procedure, nevertheless a spurious bias is still detected.

Here we show this artifact is a consequence of partial mimicry between perseveration and
learning-asymmetry, resulting in biased estimates of the latter due to a “small sample” problem,
one that only disappears completely under unrealistic large number of trials. Additionally, since
positive perseveration has a greater effect on learning asymmetries than negative perseveration,
a spurious confirmation bias can emerge at the group level even in a population with overall anti-
perseverative tendencies.

To address these issues, we propose a new statistical test for rejecting a null hypothesis of
symmetric learning. This test still uses asymmetric learning estimates from the hybrid model but,
critically, takes account of the possibility these estimates may be biased. Using a bootstrapping
approach, to generate a null distribution of the spurious confirmation bias that would be expected
under the assumption that individuals exhibit symmetric learning + perseveration, we can
calculate a significance-level of empirical asymmetry estimates. Applying this method to a large
dataset, we found that whilst evidence for confirmation bias is more nuanced than previously
reported, it remains significant across several individual studies as well as at the meta-analytic
level. Finally, we show that extant behavioral signatures for positivity/confirmation bias are also
sensitive to perseveration, rendering them either invalid or of limited practical usefulness (5,22).
Our broader aim is encouraging researchers to design novel tasks that are better suited for
demonstrating unique contributions of learning-asymmetries, for which we propose one potential
design.

Our findings invite a re-evaluation of the robustness of research linking individual differences to
learning asymmetries. It has been proposed that these asymmetries might serve as a critical
signature in a range of mental health disorders, including a reduced valence bias in major
depression and anxiety (14,29,30), blunted learning from negative outcomes in OCD patients



(31), and increased learning from rewards in pathological gambling (31). Similar links have been
drawn to developmental changes, such as learning rate asymmetries in adolescence (6), and
even to political ideology, where conservatives are suggested to learn more from negative
outcomes (32). However, our results urge caution in that studies that derive learning biases from
choice behaviour risk misattributing effects of perseveration to asymmetric learning, a
misattribution that fundamentally changes the interpretation of findings.

For example, consider a reported blunted learning from negative outcomes in OCD (31). Assume,
however, that individuals with OCD exhibit greater choice perseveration. Our simulations show
that when fitting behaviour with a hybrid model, a portion of this heightened perseveration would
be misattributed to a spurious learning asymmetry. Consequently, even if the true learning
process is unaffected by OCD, the model would incorrectly report an increased asymmetry in
these patients. Furthermore, a parameter sweep analysis shows that the magnitude of the
spurious learning-asymmetry can be systematically affected by other parameters, such as choice
stochasticity, posing an additional challenge for interpreting between-subject correlations (see SI
1.7 and 2.5). Our findings, that the hybrid model yields biased estimated of asymmetric learning,
highlight an urgent need for future research to develop tools that will allow for the estimation of
learning asymmetries at the individual level in an unbiased way.

The broader implications of our findings extend beyond the specific confound between learning
asymmetries and perseveration and speak to a general problem of model mimicry in
reinforcement learning. The fundamental challenge in dissociating these processes is that they
often make a common behavioral prediction, generating more choice repetition or switching than
would be expected from a simple, symmetric-learning, agent devoid of perseveration. Importantly,
several additional cognitive processes produce choice inertia and therefore may also be subject
to model mimicry. For example, in partial feedback settings, ‘fictive’ updates to the unchosen
option (in the opposite direction of the chosen one) can magnify value differences and increase
choice repetition (33,34). Similarly, learning rates that adaptively decrease in stable environments
can create choice ‘stickiness’, such that after learning it can take many negative outcomes to
erase a preference for one bandit (35,36). Another potential source is stochasticity in the update
process itself. Thus, if the learning process is ‘noisy’, a random positive fluctuation can locally
inflate the value of a chosen option, rendering it more likely to be repeated and thus increasing
choice hysteresis (37). It has also been proposed that the mere act of selecting an option
increases its hedonic value, which could again contribute to choice hysteresis (38,39). We
suspect at least some of these processes present similar problems of model-mimicry (with
perseveration, learning asymmetries of among themselves) creating a complex web that needs
careful scrutiny in future studies.

More broadly, our findings provide an important case-study and reminder for the research
community as to how subtle assumptions about parameter priors (e.g., in MAP fitting) can
cascade into spurious effects. Strikingly, we show that even ML estimates yield a spurious
confirmation bias—raising cautionary flags for researchers who rely on this method. While it is
often assumed that sufficiently large datasets locate them in an asymptotic (non-biased)
estimation regime, our results show this is not necessarily the case, and attaining such a regime
requires an unfeasibly large number of trials.



On a positive note, we suggest that the tools we have developed here can guide researchers’
efforts to address issues of process-mimicry and biased estimates in reinforcement learning and
in other domains of research. Our proposed bootstrapping method, for instance, can be adapted
to any situation where parametric estimates are systematically biased. Closely related processes
often interact to affect empirical phenomena and the current work is a step towards clarifying and
validating their distinct contributions.

METHODS

Analysed datasets

We analysed the data from the same four studies as Palminteri (2022) (2—4,26), which
encompass 10 two-armed bandit experiments. In the table below we detail how these studies
differ in number of participants (N), number of trials (Trials), conditions (reward contingencies of
the bandits and choice contingencies), and whether feedback was partial (only for the chosen
option) or full (for both the unchosen and chosen options).

Table 1: Summary table of the studies analysed in this paper. Unless otherwise specified, the number
of trials was evenly distributed across conditions. Reward contingencies are represented as the
percentage probability of reward for each bandit in a pair (separated by “/”). The studies by Chambon et
al. (2020) also included different choice contingencies: 'free' choices operate in the traditional way;
'free+forced’ interleaves free-choice trials with forced-choice trials where participants observe an
external agent making a choice; in ‘'go'trials participants select a bandit by pressing a button, while in 'no-
go'trials they select it by not pressing it.

. . i Type of
Study Experiment | N Trials Number of conditions feedback
L1 50 96 Partial
Lefevbre et al. 4 reward contingencies
(2017) [25/25, 25/75, 25/75,75/75] _
L2 35 96 Partial
P1 20 | 192 (96x2 , , Partial
. . , 4 reward contingencies
Palm(lgtt)ﬁl;)et al. sessions) [50/50, 25/75,25/75,
P2 20 192 (96x2 17/83 (reversal)] Full
sessions)
2 reward contingencies
[60/90, 10/40]
BT G el C1 24 720 X Partial
(2020) . . .
2 choice contingencies
[free, free + forced]**




2 reward contingencies
[60/90, 10/40]
C2 24 640 X Full
1 choice contingency
[free + forced]

2 reward contingencies
[50/50, 30/70]
C3 30 360 X Partial
1 choice contingency
[free + forced]

2 reward contingencies
[50/50, 30/70]

C4 20 600 X Partial
2 choice contingencies
[go, no-go]

. 192 (96x2 ,

Sugawara and Sla 143 sessions) 4 reward contingencies Partial
Katahira (2021) [50/50, 25/75,25/75, 17/83
S1b* 143 192 (96x2 (reversal)] Full
sessions)

*The two experiments were conducted in a blocked manner with the same participants.

** free+forced trials conditions contain twice as many trials as free conditions.

Computational models

We modeled participant behavior using a set of reinforcement learning models based on a
standard Q-learning framework. In all models, the expected value (Q-value) of an option iis
updated after receiving a reward R based on a prediction error, 6;(i) = R; — Q:(i). The models
differ in how they update values and how they translate those values into choices.

Confirmation Bias (CB) Model

This model tests for learning asymmetries in the absence of perseveration. It updates the value
of the chosen option using two distinct learning rates: a confirmatory learning rate (a.) for better-
than-expected outcomes (6; > 0) and a disconfirmatory learning rate (a;) for worse-than-
expected outcomes (5, < 0).

Qe(C) + ac - 6.(C) if 6,(C) >0

Qe+1(C) = {Qt(c) + ay-6:(C)if 6:(C)<O0

In partial-feedback tasks only the Q-value of the chosen option (C) is updated. However, in full-
feedback tasks, where outcomes for the unchosen (U) are also provided, the Q-value of the
unchosen option is also updated, using a reversed logic to the chosen option:

Q:(U) + a.-6.(U)if 6.(U) <0

Qe (U) = {Qt(U) + ag - 6.(U) if 5,(U) >0



Choices are made via a standard softmax function that only considers the learned Q-values,
weighted by an inverse temperature parameter (B):

p(choose A over B) = m

This model has 3 free parameters: {a., ag4, £}

Perseverative Symmetrically Learning (PSL) Model

This model tests for choice perseveration in the absence of learning asymmetries. It updates Q-
values using a single, symmetric learning rate () for all prediction errors, regardless of their sign.

Qe+1(D) = Qe (D) + a - 6:(1)
In addition to Q-values, this model includes a choice trace, C;(i), for each option, which is updated
with an accumulation rate (1):
cW+t-(1-c@)ifi=cC
C@+t-(0-CQM)ifi=U
Choices are made via a hybrid softmax function that is a weighted sum of the Q-values (scaled
by £) and the choice traces (scaled by a perseveration parameter, ¢):

1
1+ e—PQa—0QB) 4 o—#(Ca—Cp)

Ces1 @) = {

p(choose A over B) =

This model has 4 free parameters: {a, B, 7, ¢}.

Hybrid Model

This model allows for both learning asymmetries and choice perseveration. It combines the
features of the two previous models. Value updating is asymmetric, using separate learning rates
for confirmatory (a.) and disconfirmatory (a,;) outcomes, identical to the CB model. The choice
rule is identical to the PSL model, incorporating both Q-values and choice traces. This model has
5 free parameters: {a., a4, B, T, ¢}.

Model Versions for C1, C2 and C3

Some experiments in Chambon et al. (2020) (C1, C2, and C3) included "forced-choice" trials in
which participants observed an external agent making a choice. Following the winning model from
the original paper, these trials were modeled with specific update rules. The Q-value of the option
chosen by the agent was updated using a single, separate learning rate parameter (asorceq)
applied to both positive and negative prediction errors based on the outcome of the chosen option:

Qt+1(C) = Qt(C) + Aforced * 6:(C)

Additionally, C2 also included outcomes for the unchosen option in forced trials, whose Q-values
were also updated using the same learning rate (aforceq):

Qt+1(U) = Qt(U) + Aforced * 6:(U)



On forced trials, the choice trace for both options was updated as if they were unchosen, meaning
the trace for both simply decayed:

Cip1 (D) =Ce(D)+ - (0 — Ct(i)) forbothi=Candi=U

Parameter fitting procedures

Maximum Likelihood estimation (MLE)

In most of the study, we optimized model parameters (8) using Maximum Likelihood Estimation
(MLE) by minimizing the negative log-likelihood of the choice data given the model:

Oy = argming[—log (P(Data|Model, 8)]

To perform the minimization, we used the fmincon function in MATLAB. To ensure that the
estimated parameters were psychologically plausible and to aid convergence, we set wide, upper
and lower bounds for each parameter (8 € [0,15], a« € [0,1], ¢ € [-15,15]). To avoid settling in
local minima, the optimization procedure was run 5 times for each participant/simulation, using
random starting points for the parameters uniformly sampled between the fitting bounds.

Maximum a Posteriori estimation (MAP)

As an alternative to MLE, we also estimated model parameters for each participant
using Maximum a Posteriori (MAP) estimation, a Bayesian approach that incorporates prior
beliefs about the parameters. We implemented this by minimizing the sum of the negative log-
likelihood of the choice data given the model and the negative loglikelihood of the parameters
given their prior probabilities:

Opap = argming[— log(P(DatalModel, 9)) —P(6)]

We used the same priors used in previous work by Palminteri (and re-used in Katahira’s work).
For parameters bounded between [0,1] (a,7), we used a beta distribution (Beta(1.1,1.1)). For
B we used a gamma distribution (Gamma(1.2,5.0)) and for ¢ we used a normal distribution
(N(0,1))

To perform the minimization, we again used the fmincon function in MATLAB. The optimization
procedure was run 5 times for each participant/simulation, each with different random starting
points randomly sampled from the same uniform distribution as in the MLE procedure.

Model simulations

Quantifying Spurious Learning Asymmetries (Figure 2)

To quantify the magnitude of spurious learning asymmetries that can emerge from PSL behavior,
we conducted a simulation and re-fitting procedure. For each participant in each of the 10
experiments, we first took their individual best-fitting parameters as estimated from the PSL
model. Using these parameters, we then generated 1,001 simulated behavioral datasets for that



participant. Each simulation was run on the task structure (i.e., number of trials, reward
contingencies) as the original experiment. This procedure resulted in a large set of simulated data
generated by agents with symmetric learning but empirically-derived levels of perseveration.
Finally, each of these simulated datasets was fitted with the Hybrid model to test for spurious
confirmation bias (plotted as violet points in Fig. 2).

Comparison of Model Fitting Procedures (Figure 3)

To compare the MAP and MLE fitting procedures, we conducted two main analyses. First, to
directly quantify the parameter recovery for the hybrid model under each procedure (Figure 3a-
b), we performed the following steps. For each participant, we took their best-fitting hybrid model
parameters as estimated by the MAP procedure and used them to simulate 40 new datasets per
participant. We then fitted these simulated datasets with the hybrid model using the same MAP
procedure and compared the recovered parameters to the original generative parameters. We
repeated this entire process using the MLE procedure (i.e., generating data from MLE-fitted
parameters and recovering with MLE).

Second, to assess how the choice of fitting procedure impacts the estimation of confirmation bias
and perseveration in both empirical and simulated data (Figure 3c-d), we performed two further
analyses. To examine the impact on empirical data, we fitted the original participant datasets with
our hybrid model using both MAP and MLE and compared the resulting parameter estimates
(Figure 3c). To examine the impact on the generation of spurious bias, we took the PSL model
parameters previously estimated from the data (using both MAP and MLE) and used them to
simulate new PSL datasets. We then fitted these simulated datasets with the hybrid model using
the corresponding procedure (i.e., data generated based on MAP parameters was fitted with
MAP) and compared the magnitude of the resulting spurious confirmation bias (Figure 3d).

Asymptotic Parameter Estimation (Figure 4)

To test whether the hybrid model fitted with MLE can dissociate learning asymmetries from
perseveration in asymptotically large datasets, we conducted a simulation analysis (Figure 4a-b).
We generated behavioural data from PSL agents using the average empirical ML estimated
parameters from experiment P2 (8 = 1.79,a = 0.49,7 = 0.38,¢ = 2.43), a task design with full
feedback (see Table 1). We systematically varied the length of the simulated experiments,
creating datasets containing between 1 and 90 sessions. Specifically, we simulated datasets with
1, 2, 3, and so on, up to 21 sessions. For larger datasets, we increased the length in steps of ten,
simulating datasets with 30, 40, 50, and so on, up to 100 sessions. As in the original experiment,
each session comprised 4 blocks of 24 trials. For each dataset length, we generated 4000
independent simulations. Finally, each simulated dataset was fitted with the Hybrid model. We
then examined the recovered parameters to assess whether the spurious confirmation bias
diminished and whether the generative perseveration parameters were accurately estimated as
the number of trials increased.

Parameter Sweep of the Perseveration Parameter (Figure 5a-b)

The goal of this analysis was to map the relationship between the strength of an agent's
perseverative tendency and the magnitude of the resulting artifactual confirmation bias.



We used the average empirical parameters {«, 8, 7} obtained from fitting the PSL model with
MLE to experiment P2 as a base. We then systematically varied the perseveration parameter (¢),
from -7 to 7 in steps of 0.25. For each of these ¢ values, we generated 1,001 PSL simulations on
the P2 task structure. Finally, each simulated dataset was fitted with the Hybrid model using MLE,
and we extracted the resulting absolute and normalized confirmation bias to produce the plots in
Figure 5a-b.

Simulation of a Population with Negative Perseveration (Figure 5c-e)

This analysis was designed to explicitly test whether a spurious confirmation bias can emerge at
the group level even when the population has a negative perseveration (¢ < 0).

We generated a set of 2,000 PSL simulations of the P2 task. The base parameters {«a, 5, T} were
again taken from the average empirical MLE fits of experiment P2. The ¢ value for each
simulation was drawn from a uniform distribution between -10 and 8 (Fig. 5c). We then fitted this
entire dataset of 2,000 simulations with the Hybrid model using MLE and examined the distribution
of the recovered absolute and normalized confirmation biases to test if their means were
significantly different from zero (Fig. 5d-e).

Simulations for Palminteri & Lebreton (2022) Signatures (Figure 7a)

To test whether the behavioral patterns proposed by Palminteri and Lebreton (2022) could
emerge from choice perseveration, we simulated behavior from both a CB model and a PSL
model. For the CB model simulations, we used the average empirical f parameter obtained from
experiment P2 (fitted with the CB model; § = 2.21,a, = 0.52, 24 = 0.15), while the base learning
rate was fixed at 0.4. We then systematically varied the confirmation bias from -0.6 to 0.6 in steps
of 0.1. The confirmatory and disconfirmatory learning rates were derived as a, = 0.4 +
cb/2 and a; = 0.4 —cb/2. For the PSL model simulations, we used the average empirical
parameters {a,f,t} from experiment P2 (fitted with the PSL model; g = 1.79,a = 0.49,7 =
0.38,¢ = 2.43). We then systematically varied the perseveration parameter, ¢, from -3 to 3 in
steps of 0.5.

For both model types, we generated 50,000 simulations for each parameter value on three
different single-block (24-trial) task designs. The Stable Task featured two bandits, both with a
50% reward probability. The Reversal Task featured two bandits with 80% and 20% reward
probabilities, which reversed after trial 12. Finally, the Risk Task featured a safe (deterministic)
option that always yielded O points, and a risky (probabilistic) option that yielded +1 or -1 points
with 50% probability each.

Simulations for Katahira (2018) Regression Signature (Figure 7b)

To test the robustness of the regression-based signature proposed by Katahira (2018), we
simulated behavior from the CB and PSL models on two different task designs. We used the same
parameter sweep procedure described for Figure 6a. For each parameter level, we generated
1,000 datasets, each consisting of 20 simulated agents. We then applied a logistic regression
analysis to each dataset to obtain a distribution of 1,000 interaction term coefficients. Specifically,
we regressed the probability of staying with the same choice on trial t+1 (a binary
variable, stay, coded as 1 for stay, 0 for switch) based on the reward from the current trial (R(t))



and the previous trial (R(t — 1)), and their interaction (stay ~ R(t) = R(t — 1)). This analysis is
restricted to trials where the same option was chosen at t and t-1. Rewards were coded as 1 for
a reward and 0 for a non-reward.

This procedure was conducted on two task designs. The first was the task simulated in Katahira's
original paper, a single 200-trial block with two bandits (70%/30% reward probabilities) that
reversed three times (at trials 51, 101, and 151). The second was a Classic Bandit Task, a single
50-trial block with two bandits (25%/75% reward probabilities) and no reversals.

Simulations of New Behavioural Signature (Figure 8)

To generate the predictions for our novel behavioural signature, we again simulated behaviour
from the CB and PSL models, following the same parameter sweep procedure described for
Figure 6a. For each parameter level, we generated 10,000 datasets. The task design featured
four bandits whose outcomes were drawn from Gaussian distributions with varying means (high-
mean: u = 2; low-mean: u =1) and standard deviations (high-variance/risky: ¢ = 1; low-
variance/safe: ¢ = 0.5). The task consisted of two phases. The initial learning phase featured 50
trials for each of two bandit pairs (low-mean/low-variance vs. high-mean/high-variance, and low-
mean/high-variance vs. high-mean/low-variance) with full feedback. This was followed by a
generalization phase with 50 no-feedback trials for each of two new pairs composed of bandits
with the same mean value (high-mean/low-variance vs. high-mean/high-variance, and low-
mean/low-variance vs. low-mean/high-variance). We then calculated the choice probabilities in
this generalization phase to generate the behavioural signatures.
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