
 

  

 

 

 

 

 

The cognitive and neural dynamics of memory-
based decisions 
 

 

Inauguraldissertation zur Erlangung der Würde eines Doktors der Philosophie 

vorgelegt der Fakultät für Psychologie der Universität Basel von  

 

 

Peter Maximilian Kraemer 
 

aus München, Deutschland 

 

 

Basel, 2022 

  



 

  

 

 

 

Genehmigt von der Fakultät für Psychologie auf Antrag von 

 

Prof. Dr. Sebastian Gluth & 

Prof. Dr. Jörg Rieskamp 

 

 

Datum des Doktoratsexamen:  

 

 

 

 

 

DekanIn der Fakultät für Psychologie 

  



 

  

 

 

 

Erklärung zur wissenschaftlichen Lauterkeit  
 

Ich erkläre hiermit, dass die vorliegende Arbeit ohne die Hilfe Dritter und ohne 

Benutzung anderer als der angegebenen Hilfsmittel selbstständig verfasst habe. Zu Hilfe 

genommene Quellen sind als solche gekennzeichnet. Die veröffentlichten oder zur 

Veröffentlichung in Zeitschriften eingereichten Manuskripte wurden in Zusammenarbeit 

mit den Koautoren erstellt und von keinem der Beteiligten an anderer Stelle publiziert, 

zur Publikation eingereicht, oder einer anderen Prüfungsbehörde als Qualifikationsarbeit 

vorgelegt. Es handelt sich dabei um folgende Manuskripte: 

• Kraemer, PM, Weilbächer, RA, Mechera-Ostrovsky, T, & Gluth, S (2022). 

Cognitive and neural principles of a memory bias on preferential choices. Current 

Research in Neurobiology. 3. 100029. 

• Kraemer, PM, Fontanesi, L, Spektor, MS, & Gluth, S (2021). Response time 

models separate single- and dual-process accounts of memory-based decisions. 

Psychonomic Bulletin & Review, 28: 304-323. 

• Kraemer, PM, & Gluth, S (submitted). Episodic memory retrieval affects the onset 

and dynamics of evidence accumulation during value-based decisions. 

Submitted to The Journal of Neuroscience. 

• Kraemer, PM, Wulff, DU, & Gluth, S (2021). A sequential sampling account of 

semantic relatedness decisions. Proceedings of the 43th Annual Meeting of the 

Cognitive Science Society. 1788-1794. 

 

Bamberg, 30.05.2022 

 

 

Peter Maximilian Kraemer 





To my dad,

whose perseverance and critical mind

have always accompanied me

during this odyssey.

v



Acknowledgments

Much time goes by while obtaining a doctorate. Numerous hours have been spent in the

office, in the lab, and other places, with no one around but myself, some might even say, in

solitude. Thereby, it is easy to forget that I never were alone. I was lucky enough to have a

lot of people around me who inspired my thoughts, altered my perspectives, and with whom

I just had a good time. What a pity that memory is so imperfect that I run in danger to

forget one or the other person here; people who affected my life and work during these times

of conducting my dissertation. While I hope for forgiveness from the forgotten, I will do my

best – of course, adopting the well-proven recall strategy of clustering – to thank the people

I owe deep gratitude.

First and foremost, I would like to thank Sebastian. Your exceptional supervision allowed

me to grow as an independent researcher. Your empathic understanding of my individual

circumstances gave me happiness and inner peace. It has been a delighting experience to

work with you. Further, I would like to thank Jörg for valuable comments on my work. Your

feedback during lab meetings and PhD conferences helped to improve every single project

of this dissertation. Together with the PhD program (on this note, thanks to Mariela, Rui

and Rainer) you contributed to a space for PhD students to develop new skills and to orient

themselves in a scientific environment. Many thanks for these efforts.

I would like to thank Laura, Mikhail, Dirk, Tehilla, and Regina for great collaboration

within the presented projects. Regina deserves a bonus-thank for teaching me important

lessons about Switzerland and administratory realities at the university. This helped me

vi



vii

a lot while reorienting in Basel. Moreover, thanks to all other members of the groups of

Economic Psychology and Decision Neuroscience, namely Dimitris, Janine, Ash, Nathaniel,

Hanna, Jana, Doron, Steve, Markus, Sebastian, Annina, Florian, Nives, Kevin, and Rebecca

as well as the student researchers Maria, Sarah, Carmina, Noëlle, Gregory, and Marie for
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Abstract

The recent years have seen the rise of neuroeconomics, a scientific discipline investigating the

cognitive and neural principles of value-based decision making. While neuroeconomists made

significant progress in characterizing basic computations of value-based decision making, the

critical role of memory has all-too-often been neglected. Within this cumulative disserta-

tion thesis, I present four manuscripts, which address the relation of memory and decision

making. Manuscript 1 reviews empirical evidence which demonstrates that memory-based

decisions are biased in favor of choice options which can be recalled from memory. Adopting

cognitive process models, Manuscript 2 demonstrates that this memory bias is rather due to

a single decision process, as compared to a dual-process account of memory-based decisions.

Manuscript 3 focuses on the temporal dynamics of memory retrieval and choice formation,

outlining altered evidence accumulation dynamics of memory-based versus standard value-

based decisions. Finally, Manuscript 4 takes the first steps toward a cognitive process model

which accounts for the temporal dynamics of both, memory retrieval and decision making.

While every manuscript can be approached individually, the synopsis part of this dissertation

thesis discusses them in a broader perspective, drawing on the neuroeconomic framework by

Rangel et al. (2008). All in all, this dissertation thesis advocates for neuroeconomics to

take memory processes more seriously. Future research will especially profit from a deeper

understanding of the temporal dynamics of memory retrieval and its relation to decision

making.

xi



Chapter 1

Introduction

”The aim of life is an action,

not a thought.”

Charles S Sherrington

(1940/2009, p.201)

1.1 The problem of decision making

As humans, we are gifted with a highly adaptive behavioral repertoire, which arose by

evolutionary means of natural selection (Saveliev, 2010). While our ancestors may have faced

existential choices such as fighting a predator or fleeing from it, modern life often comes with

less relentless, yet difficult concerns such as what job to take, whom to get married to, or

where to have lunch. Although these decisions greatly differ in their significance, they all

require an agent to solve a decision problem, that is to select among several potential courses

of action, given the individual goals and the current situation.

Decision making is studied from a variety of different viewpoints (e.g., Johnson & Buse-

1
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meyer, 2010). While many researchers ask for the normative principles that should guide

decision making, others have a descriptive agenda, aiming to describe and predict the actual

choices of an agent. Yet a third perspective focuses on the underlying computational pro-

cesses, which result in observable behavior. The computational approach thus asks, how do

decisions come about? Although all approaches have their justification, in this dissertation I

adopt a perspective from neuroeconomics, an interdisciplinary research area comprising the

cognitive neurosciences, psychology and economics (Camerer et al., 2005; Glimcher & Fehr,

2013), to focus mostly on the computational principles of decision making.

1.2 Computations in economic decision making

Whereas some decision scientists focus on decisions about the temporal, perceptual, or se-

mantic properties of presented stimuli (e.g., Balci & Simen, 2014; Britten et al., 1992; Lucas,

2000), neuroeconomists concentrate on economic decisions, hence decisions which depend

on the value, accredited to objects or actions (Camerer et al., 2005). Thereby, neuroeco-

nomic inquiry strongly relies on the information processing paradigm, according to which

the brain is treated as an information processing system, which collects perceptual infor-

mation, forms internal representations of the outside world, and directs appropriate actions

(Cisek & Kalaska, 2010; Oppenheimer & Kelso, 2015). The involved computations have

been structured in a popular framework of economic decision making (Rangel et al., 2008).

The authors identified five basic computations: Representation, valuation, action selection,

evaluation of choice outcome, and learning (see, Fig. 1.1).

Before describing the cognitive and neural underpinnings of these computations, I would

like to consider the example of restaurant choice, which comprises relevant aspects of eco-

nomic decision making. In this example, an agent sits in her office at noon and senses an

upcoming feeling of hunger. Considering to have lunch either at the university canteen or

a close-by cafeteria, she faces a decision problem. She weighs the advantages and disadvan-
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Representation

Valuation

Action selection

Outcome evaluation

Learning

Feeds into decision variable

Generates behavior

Represents the decision problem

Computes reward
prediction error

Adjusts
computations

Figure 1.1: Schematic overview of the basic computations of the neuroeconomic framework
by Rangel et al. (2008). Grey boxes represent the computations, italic texts indicate the
function of the preceding computations.

tages of the alternatives and decides to have lunch at the seemingly favorable cafeteria. After

arriving there, she orders a dish but quickly realizes the food to be rather flavorless, lacking

spices and herbs almost completely. Disappointed, she plans to take this into account for

future restaurant choices. This example of an everyday episode contains all computations

suggested by Rangel et al. (2008), further described in the following paragraphs.

1.2.1 Representation

As an entry step to the decision process, a representation of the decision problem at hand

is computed to set grounds for further processing. Potential action plans (e.g., eating at

the canteen; eating at the cafeteria) need to be identified alongside with external (e.g., it is

lunch time) and internal (e.g., sensing upcoming hunger) states.

Unfortunately, Rangel et al. (2008) remain rather vague about the mechanisms of this

computation. It is still unclear, how action plans are identified (see, Chapter 6 for a discus-
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sion) and how the external and internal states are computed. Due to its complex nature, it

can be assumed that the neural realization of the representation is not confined to a par-

ticular brain region but is rather wide-spread over the nervous system. Once the cognitive

system can draw on the representation of the decision problem, each action plan can be val-

uated. Note, however, that the framework does not explicitly assume a strict sequentiality

of the computations.

1.2.2 Valuation

In the course of valuation, positive (e.g., because canteen is cheap) or negative (e.g., because

canteen has a long waiting line) values, which are associated with potentially rewarding or

punishing outcomes (i.e., saving money; losing time), are assigned to each action plan under

consideration. This process involves the integration of relevant attributes (e.g. money, time,

taste) of choice options into unitary subjective value signals, as assumed by established the-

ories in judgment and decision making, reenforcement learning, and economics (Kahneman

& Tversky, 1979; Sutton & Barto, 1998; von Neumann & Morgenstern, 1947). Valua-

tion processes integrate signals from different systems, factoring in basic evolutionary needs

(Pavlovian systems), repeated stimulus-response associations (habit systems), and high-level

computations of action-outcome associations (goal-directed systems). Importantly, valuation

processes are modulated by the context, in which decisions are made (e.g., the delay of a

payoff) or individual behavioral tendencies, such as attitudes towards risk and uncertainty.

On the neural level, valuation signals are found in several brain regions including the

striatum and prefrontal structures (Kable & Glimcher, 2009; Platt & Plassmann, 2013;

Rushworth et al., 2011). Especially the orbitofrontal cortex (oFC) of the macaque monkey

and its human homologue, the ventromedial prefrontal cortex (vmPFC), have been shown

to accomodate neurons which represent different choice options and encode their respective

subjective value (Bartra et al., 2013; Clithero & Rangel, 2014; Padoa-Schioppa & Assad,

2006, 2008). Accompanied with evidence from lesion studies (e.g., Camille et al., 2011;
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Fellows & Farah, 2005; Noonan et al., 2010; Peters & D’Esposito, 2016; Vaidya & Fellows,

2020) it can be assumed that the oFC/vmPFC computes and represents subjective value in

economic choices.

1.2.3 Action selection

As each of the action plans is associated with a value, a preference is formed for one of them

by processes of action selection. A large body of evidence suggests that action selection

draws on the principles of evidence accumulation (Heekeren et al., 2008; Ratcliff et al.,

2016; Shadlen & Kiani, 2013). According to this view, a decision variable represents the

momentary preference for either action plan. Over time, the decision variable samples and

integrates evidence (e.g. subjective value of the action plans) to update its level of preference.

When a certain threshold level of evidence is reached, the process is terminated and the

preferred action plan is executed. In economic decisions, the decision variable is often thought

to depend on the valuation of the considered action plans (Busemeyer et al., 2019; Clithero,

2018; Fehr & Rangel, 2011).

The idea of evidence accumulation is largely appreciated in decision neuroscience since

the brain appears to implement action selection in a comparable way (Cisek & Kalaska,

2010; Gold & Shadlen, 2007; Smith & Ratcliff, 2004). Several frontal and parietal areas

seem to represent action plans with the neural activity of effector-specific neurons1. These

neurons receive affarent signals from various brain regions, including valuation signals of

the vmPFC (e.g., Basten et al., 2010; Gluth et al., 2012; Hare et al., 2011). Over time, the

relative activity level for corresponding action plans varies as a function of incoming valuation

signals (Cisek, 2012; Gluth et al., 2013). As the activity level for one action plan outweighs

the others, the initiation of corresponding actions is caused via efferent connections with the

motor system (Rizzolatti & Kalaska, 2013; Thura & Cisek, 2014).

1Note that there is an ongoing debate of whether action selection is performed in brain regions that
code for value versus regions that code for action (Cisek & Kalaska, 2010; Fine & Hayden, 2022; Levy
& Glimcher, 2012; Padoa-Schioppa, 2011; Rangel & Hare, 2010; Rushworth et al., 2011). However, the
principle of response competition, which is the central point of action selection, apply to both perspectives.
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1.2.4 Outcome evaluation and learning

After an action is selected and performed (i.e., being at the cafeteria having lunch), an

agent processes the consequences of her action (i.e., food is flavorless) and the desirability of

her new state (i.e., disappointed). This evaluation can be used to adjust the computations

of representation, valuation, and action selection via learning mechanisms, so that future

decisions can take advantage of prior experiences.

The role of learning is mainly discussed for the adjustment of valuation processes, em-

phasizing the adaptation of habits via reenforcement learning. A well-studied concept is

the reward-prediction error, where expected and actual reward are compared to readjust

stimulus-response associations (Sutton & Barto, 1998). Such computations have been at-

tributed to dopamine neurons in mid brain nuclei (Bayer & Glimcher, 2005; D’Ardenne et al.,

2008; Fontanesi et al., 2019a; Schultz et al., 1997) as well as the ventral striatum (O’Doherty

et al., 2003). Rangel et al. (2008) assume that reward prediction error-like computations may

also be relevant for other computations such as representation and action selection. While

the latter gained some traction recently as threshold parameters in evidence accumulation

models have been discussed to depend on mechanisms of reenforcement learning (Fontanesi

et al., 2019b; Pedersen et al., 2017), the role of learning for representation remains elusive.

Overall, the framework by Rangel et al. (2008) offers a coarse structuring of the computa-

tions, which are required for a neuro-cognitive system to solve value-based decision problems.

While building on narrower proposals, which mainly focus on valuation and action selection

(Kable & Glimcher, 2009; Platt & Plassmann, 2013), the framework broadened the perspec-

tives to consider the computations of representation and learning. It has been welcomed by

the neuroeconomic community and stimulated new research in the area, both being evident

from the high citation numbers since its publication (1,194 citations in Web of Knowledge

on May fourth, 2022). The framework however, similar to other contemporary discussions in

neuroeconomics (Kable & Glimcher, 2009; Konovalov & Krajbich, 2019; Rushworth et al.,
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2011), misses to consider a crucial point: Decision making heavily depends on memory.

1.3 The function of memory in decision making

Memory constitutes an umbrella term, covering a range of different systems such as declar-

ative, non-declarative, and prospective memory, each with their respective neural basis and

cognitive specifications (Cohen & Squire, 1980; Milner et al., 1998; Squire & Wixted, 2011).

As the nervous system’s capability to store skills and knowledge, memory makes relevant

information accessible when needed (Gazzaniga et al., 2011). Imagine the agent of our restau-

rant example without having access to memory. How would she, sitting in her office, even

consider different restaurants which are out of her sight? How would she integrate relevant

attributes such as price or expected waiting time without consulting prior experiences? How

would she, given her disappointment, avoid to make the same mistake to go to the cafeteria

next time? From this example, one can infer that all computations of decision making, as

outlined by Rangel et al. (2008), strongly depend on memory processes. However, research

on the role of memory for economic decision making is still in its infancy.

Psychologists and behavioral economists have been addressing the problem of memory-

based decision making for a long time (Alba & Hutchinson, 1987; Lynch & Srull, 1982;

Weber et al., 1995), leading to the development of theories of memory-based judgment and

decision making (Johnson et al., 2007; Stewart et al., 2006). However, the consideration of

memory only recently made its way to the neuroeconomic literature (Shohamy & Daw, 2015).

An important reason for this were emerging findings that the hippocampus, a brain region

traditionally related to memory processes, is involved in economic choices (see, Palombo et

al., 2015; Weilbächer & Gluth, 2017, for reviews). Furthermore, theoretic advances on action

selection and learning necessitated a closer look on memory processes (Gershman & Daw,

2017; Shadlen & Shohamy, 2016). These developments opened a door for a new perspective in

neuroeconomics, to investigate the precise neuro-cognitive principles behind memory-based
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decision making. In this dissertation thesis, I present four manuscripts, reporting progress

in this endeavour. To illustrate the relations between the manuscripts, they are embedded

within the neuroeconomic framework by Rangel et al. (2008).

1.4 The foci of this dissertation

In Manuscript 1 (M1, Chapter 2), my colleagues and I reviewed evidence for a memory bias,

a tendency of people to prefer options they can recall from memory over options they cannot

recall. We discuss the neural and cognitive basis for this bias, suggesting that it affects

valuation processes to a large extent. While the neural foundations are to be found in the

connectivity of the hippocampus and vmPFC, on the cognitive level, meta-cognitive beliefs

and aversion to uncertainty seem to drive the memory bias. We formulated new hypotheses

for future research and discussed a cognitive modeling framework, namely, the evidence

accumulation framework, as a promising approach to study memory-based decisions.

In the second manuscript (M2, Chapter 3), we tested an alternative hypothesis stating

that the memory bias does not arise from a biased valuation process (single process account),

but instead, from a mixture of action-selection processes with different decision policies (dual-

process account). Both accounts can, in principle, explain similar behavioral choice data but,

as we show, differ with respect to expected response times. Using evidence accumulation

modeling, we derived qualitative predictions for the response time patterns and tested them

empirically. Based on our results, we found clear support that the single process account

is to be preferred, since it matched with the qualitative predictions and provided a more

parsimonious explanation for the data.

Having gained some insight on the effect of memory on valuation in M1 and M2, the

third manuscript (M3, Chapter 4) was centered around the question how action selection

processes depend on memory retrieval. More specifically, using cognitive modeling and

electro-encephalography (EEG), we investigated the temporal dynamics of memory retrieval
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and action selection. Our results suggested that the retrieval of memories is associated with

a delayed onset of the evidence accumulation process. Moreover, when decisions required

memory retrieval, participants accumulated evidence for a longer time as reflected by a higher

decision threshold and lower rate of evidence accumulation. Finally, although we did not

identify a neural signature reflecting memory retrieval, the latency of action selection onset

suggests that memory retrieval and action selection progress in parallel for some time. This

finding asks for the formulation of cognitive process models which can account for parallel

memory retrieval and action selection.

We approached this challenge in the fourth manuscript (M4, Chapter 5). By modeling

the retrieval dynamics with help of memory structure models from natural language process-

ing, we tested different sequential sampling models to account for behavioral benchmarks

in semantic decision making. We simulated data under a set of plausible parameter values

and showed that different sequential sampling models can account for the benchmarks with

different cognitive mechanisms. In particular, the leaky competing accumulator model ac-

counted for all benchmarks and made predictions for a new benchmark which we verified

empirically. The model provided a parallel account of memory retrieval and action selection.

In the final chapter, I briefly summarize the main findings of this dissertation and discuss

potential directions of future research.



Chapter 2

How memory affects valuation

2.1 Manuscript 1: Cognitive and neural principles of

a memory bias on preferential choices

Kraemer, P. M., Weilbächer, R. A., Mechera-Ostrovsky, T., & Gluth, S. (2022). Cognitive

and neural principles of a memory bias on preferential choices. Current Research in

Neurobiology, 3. https://doi.org/10.1016/j.crneur.2022.100029.

2.2 The Memory bias

The neuroeconomic framework posits that valuation computes stimulus values for each action

plan (Rangel et al., 2008; Rangel & Hare, 2010). Stimulus values represent the expected

desirability of a decision outcome and are computed by integrating over basic attributes

(e.g., tastiness, healthiness) of the choice options. On the neural level, stimulus attributes

are encoded in several brain regions (depending on the respective attribute quality) and feed

into the oFC/vmPFC to allow the computation of stimulus values. Importantly, attributes

10
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can have positive or negative effects on stimulus values, implying the expectation of reward

or punishment. The magnitude of this effect is governed by the corresponding attribute

values, which are either externally provided (e.g., in decisions from description) or retrieved

from memory as samples of information (Johnson et al., 2007; Stewart et al., 2006; Zhao

et al., 2021).

Acknowledging that valuation draws on memory, an obvious question is whether the im-

perfection of memory introduces bias to valuation and subsequent action selection processes

(Weber & Johnson, 2006). One such bias is the memory bias, a tendency to prefer choice

options which can be recalled from memory over options which cannot be recalled. The

memory bias was identified by Gluth et al. (2015) in a remember-and-decide task. Partici-

pants learned the association of snacks with locations and later, being cued with locations,

had to retrieve the corresponding snack identities to make preferential decisions between

the options. Sometimes, participants recalled the snack identities and were able to make

informed value-based choices. Other times, memory recall failed and participants’ access

to attribute values were at least diminished, if not absent. Interestingly, when participants

compared a recalled with a not-recalled option, they preferred the former one, even if that

option was relatively unattractive (i.e., its subjective value measure was below the aver-

age value of all snacks used in the experiment). Fitting a logistic regression model to the

choice data revealed that participants behaved as if they compared the subjective value of

the recalled option with a reference value. This reference value substituted the value of the

not-recalled option, since attribute values were likely not accessible. This finding stimulated

a systematic research program to outline the cognitive and neural principles that underlie

the memory bias.

In Manuscript 1 (Kraemer et al., 2022), we reviewed the major outcomes of this en-

deavour. In brief, Gluth et al. (2015) investigated the brain’s functional circuitry, showing

that effective connectivity between the hippocampus and the vmPFC drove memory-based

choices. The connectivity was particularly enhanced, when the memory bias likely had an
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effect on choice behavior. On the cognitive level, Mechera-Ostrovsky and Gluth (2018)

found that the memory bias can partially be explained by meta-cognitive beliefs about the

relation of the ability to recall an item and its value. The fact that an item could not be

recalled suggested it to be neither immensely valuable nor exceptionally valueless. This is

seemingly factored in the valuation of the not-recalled option. Meta-cognitive beliefs alone,

however, were not sufficient to explain the magnitude of the memory bias. Another attempt

by Weilbächer, Kraemer, and Gluth (2020) asked, whether the memory bias resembles be-

havioral tendencies known from decisions under uncertainty. More specifically, we showed

that the memory bias is domain dependent, causing a preference for recalled (hence, cer-

tain) options in the gain domain but not in the loss domain. Two further studies ruled out

that the memory bias was due to, either attentional biases (Weilbächer et al., 2021), or a

dual-process account, drawing on a recognition-heuristic like process (Kraemer et al., 2021a,

also discussed in Chapter 3). Overall the research program around the memory bias illumi-

nated the neuro-cognitive underpinnings of this phenomenon and proposed new directions

for future research.

2.3 Is the memory bias a valuation bias?

Although the memory bias has been described as affecting valuation processes (Kraemer et

al., 2022), this notion has not been explicitly discussed in the paper. Since this dissertation

thesis adopts a holistic approach to value-based decision making, it is imperative to discuss

the memory bias with respect to the neuroeconomic framework by Rangel et al. (2008).

Despite the relative vagueness of the framework, one can derive at least two characteristics

that qualify the memory bias as a result of valuation processes.

First, valuation should depend on brain regions which represent value. While these

brain regions mainly comprise the ventral striatum for habit systems, Pavlovian and goal-

directed systems depend largely on oFC/vmPFC (Rangel et al., 2008). Since the memory
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bias does not draw on repeated learning of stimulus-response associations, one can assume

a subordinate role of habit systems. Therefore, Pavlovian and/or goal-directed systems are

the main candidates to foster the memory bias, spotlighting the role of the vmPFC. Gluth

et al. (2015) found that the representation of value in the vmPFC is better explained by

a model which takes the likelihood of remembering a choice option into account. Hence,

recalling the identity of an item has an effect on the value representation for chosen and

unchosen options. In addition, the elevated connectivity between hippocampus and vmPFC

may modulate value representations in vmPFC, offering a mechanistic explanation for the

memory bias.

Second, Rangel et al. (2008) propose that valuation is susceptible to modulations. The

memory bias may arise from a biased reference value which dominates the valuation of

the not-recalled choice option, when the item identity, and thus, the attribute values, are

inaccessible. As the reference value seems to depend on meta-cognitive beliefs (Mechera-

Ostrovsky & Gluth, 2018) and is domain sensitive (Weilbächer, Kraemer, & Gluth, 2020), it

was revealed that the bias is adaptive to the respective decision scenarios, which substantiates

diverse modulations of value representations and suggests the memory bias to depend on

valuation processes.

Apart from these two points arguing for valuation, there are also arguments that speak

against the memory bias to depend on representation or action selection. By definition, rep-

resentation concerns internal and external states (i.e., the sensation of hunger, experimental

procedures) as well as potential action plans (i.e., pressing one or another button to indicate

a decision and have the chance of eventually receiving a snack). One can determine that

all computations of representation can be performed, even if the snack identity is not being

recalled. Hence, the minimum requirements for valuation are fulfilled and a decision variable

can be informed. In neuroeconomics, the decision variable is often defined as a difference in

subjective value of the considered choice options (Busemeyer et al., 2019; Fehr & Rangel,

2011; Krajbich et al., 2010), a practice also applied to study the memory bias by adhering to



HOW MEMORY AFFECTS VALUATION 14

a reference value (Gluth et al., 2015; Kraemer et al., 2021a; Weilbächer et al., 2021). While

the decision variable depends on the outcome of valuation processes (see, Section 2.4) it

appears conceivable that alternative mechanisms of action selection such as value-difference-

independent decision policies (e.g., a recognition heuristic) or a priori biases may explain the

memory bias. However, both explanations have been found to provide a less parsimonous

explanation for empirical data (Kraemer et al., 2021a, Chapter 3), rendering it unlikely that

the memory bias is a phenomenon, predominantly driven by valuation-independent action

selection mechanisms.

Finally, the role of learning remains an open question. It is currently unknown, whether

the memory bias constitutes a general behavioral tendency or emerges during the perfor-

mance of the (cognitively demanding) remember-and-decide task. It is possible that partici-

pants face their cognitive limitations and adapt by developing value-dependent encoding and

decision strategies to increase task performance (Bays & Dowding, 2017; Madan & Spetch,

2012). Consequently, the memory bias may follow principles of bounded rationality (Lieder

& Griffiths, 2019; Simon, 1956). Nonetheless, the empirical and theoretical arguments point

to the direction that the memory bias is largely a phenomenon to originate in biased valua-

tion processes. A potential role of learning does not compromise these arguments but rather

has the potential to offer new explanations for the occurrence of this phenomenon.

2.4 The application of evidence accumulation models

in memory-based decisions

The research program on the memory bias exemplified the utility of evidence accumula-

tion models in memory-based decision making (Gluth et al., 2015; Kraemer et al., 2021a;

Weilbächer et al., 2021). As mentioned in Chapter 1, these models mimic the process of

action selection as they assume the accumulation of evidence over time until a threshold

is reached (Bogacz et al., 2006; Ratcliff et al., 2016; Shadlen & Kiani, 2013). In a neu-
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roeconomic context, evidence often depends on a decision variable, composed of the value

difference of the considered choice options (Clithero, 2018; Fehr & Rangel, 2011; Krajbich

et al., 2010). The decision variable can thus be understood as reflecting the valuation of

individual action plans, which are subject to momentary noise akin to sampling information

from attribute value distributions in memory (Polańıa et al., 2019; Stewart et al., 2006).

Consequently, evidence accumulation models cover central aspects of valuation and action

selection, both being crucial computations in the neuroeconomic framework by Rangel et al.

(2008) and similar accounts (Kable & Glimcher, 2009; Platt & Plassmann, 2013).

Apart from offering a mathematical framework for neuroeconomic choice, evidence ac-

cumulation models have further advantages which are leveraged in the other manuscripts of

this dissertation thesis. First, as they jointly model choice and response time data (Bogacz

et al., 2006; Wilson & Collins, 2019), evidence accumulation models allowed a rigorous em-

pirical test of an alternative account of the memory bias (M2, Chapter 3). Second, their

account of the temporal progression of action selection (Gluth et al., 2013; Polańıa et al.,

2014) helped to identify differences in the cognitive and neural dynamics of memory-based

versus value-based decision processes (M3, Chapter 4). Finally, the application of evidence

accumulation to memory retrieval (Kumar, 2020; Ratcliff, 1978) inspired the examination of

models that consider the dynamics of memory retrieval and action selection (M4, Chapter

5).

2.5 Conclusions

In sum, our review outlined important neural and computational mechanisms that underlie

the memory bias. I have argued that, based on the current evidence, the memory bias is to

be understood as a biased valuation process. Finally, evidence accumulation models have

proven useful to gain a deeper understanding of the memory bias. The remaining manuscripts

will heavily draw on the evidence accumulation framework to investigate the cognitive and
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neural mechanisms of memory-based decisions.



Chapter 3

Process models of memory-based

decisions

3.1 Manuscript 2: Response time models separate single-

and dual-process accounts of memory-based deci-

sions

Kraemer, P. M., Fontanesi, L., Spektor, M. S., & Gluth, S. (2021a). Response time models

separate single- and dual-process accounts of memory-based decisions. Psychonomic

Bulletin and Review, 28, 304–323. https://doi.org/10.3758/s13423-020-01794-9.

3.2 A dual-process account of the memory bias

It is a long cultivated research strategy in the decision sciences to study the deviation of eco-

nomic concepts of rationality from actual human behavior (Camerer et al., 2003; Rieskamp et

al., 2006; Simon, 1956; Tversky & Kahneman, 1974). A popular set of theories propose that

behavioral biases are the result of fast and erroneous judgment processes, whereas economi-

cally rational behavior arises from slow and effortful processing (Evans, 2008; Kahneman &
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Frederick, 2002). These dual-process theories gained wide popularity across judgment and

decision making and behavioral economics in the recent years (Huettel, 2010; Kahneman,

2011; Melnikoff & Bargh, 2018). We therefore wondered, whether a dual-process theory

may explain the memory bias and, if so, whether this would put the theoretic concept of a

reference value to dispute.

How could a dual-process account of the memory bias be envisioned? Mechera-Ostrovsky

and Gluth (2018) discussed that the preference for recalled options, which constitutes the

memory bias, to some extent resembles the recognition heuristic. The recognition heuristic

is a fast and frugal choice rule, which states that, given only one of two options can be

recognized, the recognized option is inferred to have a higher value (Goldstein & Gigerenzer,

2002). Mechera-Ostrovsky and Gluth (2018) further argued that the recognition heuristic

alone cannot explain the memory bias sufficiently because recalled options were not exclu-

sively preferred, violating the assumption of a noncompensatory choice rule. It is, however,

conceivable that participants sometimes relied on a heuristic process, independent of the

value comparison, and other times on economically rational valuation, comparing the value

of the recalled option with a reference value representing the expected value of all snacks used

in the experiment. Such a dual-process account can be modeled adopting the dual-process

diffusion model (DPDM, Alós-Ferrer, 2018). In brief, this model assumes two independent

evidence accumulation processes, the heuristic process and the utility process. While both

processes select their respectively preferred action, a central executive decides, which of the

two finally triggers the corresponding action. In M2 (Kraemer et al., 2021a), we derived

qualitative predictions of the DPDM indicating that the model produces choice behavior

markedly similar to the memory bias.
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3.3 Comparing single- and dual-process accounts

The dual-process account constitutes an alternative to the concept of a biased reference

value which explains the memory bias as a result of a single valuation process. As both

accounts make comparable predictions with respect to choice data, we resorted to the ca-

pability of evidence accumulation models to make additional predictions about a different

behavioral measure, namely response times (Bogacz et al., 2006; Wilson & Collins, 2019).

Both accounts can be implemented as diffusion models which describe the process of deci-

sion making as relative evidence accumulation between two decision boundaries (Ratcliff &

McKoon, 2008; Ratcliff & Rouder, 1998). These models jointly predict choices and response

times as originating from the same evidence accumulation process. In our study, we derived

qualitative predictions from the single-process diffusion model (SPDM, comparable to Gluth

et al., 2015) and the DPDM (implemented, as described above Alós-Ferrer, 2018).

We found that the models make different predictions with respect to response times.

The SPDM expected the longest response times for decisions where the subjective value of

the recalled option was equivalent to the reference value. The DPDM, on the other hand,

expected longest response times for decisions where the subjective value of the recalled

option was equivalent to the average value of all snacks in the experiment. We tested these

predictions with a regression model on an empirical data set by Mechera-Ostrovsky and

Gluth (2018). We found decisive evidence in favor of the SPDM. Further, we implemented

SPDM and DPDM in a hierarchical Bayesian framework (Lee, 2011; Lee & Wagenmakers,

2013) and performed quantitative model comparison. Again, we found clear support for the

SPDM as it provided a more parsimonous fit to the data.

We also tested, whether the memory bias can be explained as an a priori preference for

recalled snacks. A priori preferences have been implemented as a bias of the starting point

of the evidence accumulation process (Edwards, 1965; Ratcliff & Rouder, 1998; Voss et al.,

2004). From a dual-process perspective, this starting point bias can be interpreted as the
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result of a heuristic-like process of a default-interventionalist model (Chen & Krajbich, 2018;

Evans, 2008). If the memory bias manifests as a starting point bias in favor of the recalled

snack, one can expect corresponding differences in the response time distributions of recalled

versus non-recalled snacks (Ratcliff & Rouder, 1998). We tested this account by estimating

the memory-bias-as-starting-point-bias model, where, in contrast to the SPDM, the decision

boundaries represented the choice for recalled versus not-recalled options. Although the

starting point bias was allowed to explain the memory bias the results still suggest a biased

reference value. Thus, the bias was confined to the drift-rate (Krajbich, 2021; Mulder et al.,

2012) instead of the starting point.

3.4 Conclusions

Overall, in this study we used cognitive modeling to rule out two potential dual-process

accounts of the memory bias. As discussed in Section 2.3, the dual-process accounts tested

here could be interpreted as value-difference-independent action selection processes in the

neuroeconomic framework (Rangel et al., 2008). However, neither the parallel-competitive

account by Alós-Ferrer (2018), nor the default-interventionalist account of the memory-bias-

as-starting-point-bias model yielded a superior explanation of the memory bias as compared

to the single-process account. These findings not only affirm critique on lacking empirical

support of dual-process theories (Keren & Schul, 2009; Kruglanski & Gigerenzer, 2011;

Melnikoff & Bargh, 2018; Smith & Huettel, 2010), they also substantiate the notion that the

memory bias depends on a biased valuation process.

The study makes a strong case for the utility of cognitive process models which not only

describe behavior but also its underlying computations. Based on our findings, we decided

to retain a single-process diffusion model for our efforts to investigate the temporal dynamics

of memory-based decision making, described in M3 (Chapter 4).



Chapter 4

The dynamics of memory-based

decisions

4.1 Manuscript 3: Episodic memory retrieval affects

the onset and dynamics of evidence accumulation

during value-based decisions

Kraemer, P. M., & Gluth, S. (submitted). Episodic memory retrieval affects the onset and

dynamics of evidence accumulation during value-based decisions. Submitted to The Journal

of Neuroscience. https://doi.org/10.1101/2022.04.26.489332.

4.2 Studying the temporal dynamics of memory-based

decisions

The previous chapters focused on the effect of memory on valuation processes, which drive hu-

man choice behavior. While we took advantage of the dynamics of decision processes to test

alternative accounts of the memory bias (M2), still little is known about how memory-based
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decisions emerge over time. In this study, we were interested in the temporal progression

of memory retrieval and action selection processes, as well as their putative interactions.

We asked two essential questions. First, do memory retrieval and action selection occur in

a sequential or parallel manner? Second, what effect does memory retrieval have on the

dynamics of action selection?

We investigated these questions with an adaptation of the remember-and-decide task,

with which we got extensive experience in past projects (M1). In contrast to previous stud-

ies though, we did not concentrate on the memory bias but on basic temporal properties

of memory retrieval and action selection. During an encoding period, participants learned

the association of snacks with abstract symbols (identicons). Importantly, the snacks were

presented either in the left or right visual hemifield so that their visual properties were en-

coded in the contralateral visual cortices. Later, during the decision period, participants

made incentivized preferential choices between money amounts and snacks. We presented

the snacks either visually (value trials) or as identicons (memory trials) so that participants

had to retrieve the snacks from memory to make informed decisions. While participants per-

formed this task, we collected temporally precise EEG data to measure the neural dynamics

of memory retrieval and action selection.

4.3 Do memory retrieval and action selection progress

in sequence or in parallel?

Although the neuroeconomic framework by Rangel et al. (2008) covers several computa-

tions that are based on one another, the authors do not discuss the question whether these

processes occur in a sequential manner or in parallel. It is therefore unclear, whether val-

uation processes have to be completed so that action selection can be initiated or whether

both processes may occur in parallel with a continuous flow of information. The perpet-

ual question of sequential versus parallel processes has been proven difficult to answer with
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mathematical modeling alone, since both mechanisms can mimic each other to a substantial

degree (Townsend, 1972). Addressing this question usually requires a researcher to articu-

late a number of rigid assumptions which apply to the computational level of an information

processing system (Marr, 1982; Townsend & Wenger, 2004). In an effort to pursue a neuro-

cognitive perspective, we took an alternative route that relied on the identification of neural

signatures of memory retrieval and action selection. We hoped to measure these signatures

with high temporal precision to make reliable statements about their temporal appearance

and their functional connectivity.

We chose the lateralized readiness potential (LRP, Coles & Gratton, 1988) as a neural

marker for action selection. The LRP is recorded over the motor areas and is defined as

the relative difference of left and right movement-related activity. Although the LRP is

sometimes treated as a pure motor component, it is often considered to reflect properties

of cognitive and neural processes beyond motor activity (Coles, 1989). Importantly, the

LRP has been implicated with the onset (Gluth et al., 2013) and progression (Polańıa et

al., 2014) of evidence accumulation in value-based decision making, rendering it a viable

candidate component for action selection in the remember-and-decide task. Although its

exact relationship with evidence accumulation was not as straightforward as expected, the

LRP suggested that action selection was initiated at about 235 milliseconds (in memory

trials) after the presentation of the identicon and progressed until a decision was executed.

To identify a neural signature for memory retrieval, we aimed to exploit the bi-hemispheric

organisation of the visual system. When visual information is encoded in one hemisphere, its

recall will likely produce a reactivation of the corresponding brain regions (Gratton, 1998).

Studies on memory retrieval have indicated that such reactivation is reflected in the desyn-

chronisation of alpha and beta frequency bands, recorded over posterior areas (Waldhauser

et al., 2016; Waldhauser et al., 2012). Although we found electrode clusters which yielded

the expected alpha and beta desynchronisation during the encoding period, such desynchro-

nisation patterns were absent during memory retrieval in the decision period (M3, Appendix



THE DYNAMICS OF MEMORY-BASED DECISIONS 24

1). We thus were unable to identify a neural signature of memory retrieval. Based on our

data, it was therefore not possible to give a definitive answer to the question of whether

memory retrieval and action selection occured in sequence or in parallel. Still, our results al-

lowed to draw some limited conclusions. A body of recent literature on cued recall paradigms

(sharing relevant features with the remember-and-decide task) suggests that the reenstate-

ment of memories is controlled by a hippocampal process that operates between 500 and

1,500 milliseconds after exposure to a retrieval cue (see, Staresina & Wimber, 2019, for a

review). Since the LRP onset in our study was found at 235 milliseconds after the exposure

to an identicon, it is reasonable to assume that the action selection process started before

memories were reinstated, hence, before the memory retrieval process was terminated. Thus,

memory retrieval and action selection likely proceed in parallel for some time. The precise

interactions and properties of information flow, however, are yet to be discovered in future

research.

4.4 How memory retrieval affects action selection

For our second question, we asked how memory affects the dynamics of action selection. Sev-

eral recent studies contrasted perceptual and value-based decisions with respect to evidence

accumulation dynamics and highlighted important similarities and differences between both

types of decisions (Bakkour et al., 2019; Dutilh & Rieskamp, 2016; Polańıa et al., 2014). In

our study, however, we were interested in the differences between classic consumer choices,

where goods are visually accessible, and memory-based decisions that rely on internal mem-

ory representations. While it has been shown that memory-based decisions rely on different

fixation patterns than value-based decisions (Weilbächer et al., 2021), it is unclear how

evidence accumulation dynamics are affected.

Thus, we contrasted value trials and memory trials from the remember-and-decide task

of our study. We found no difference between both trial types regarding the coherence
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of choices with respect to independent subjective value ratings, which were collected in

advance to the remember-and-decide task. However, participants exhibited considerably

longer response times in memory-based decisions. From the perspective of a drift-diffusion

process, this finding can be explained by a delayed onset of evidence accumulation, and/or

by increased decision thresholds paired with a lower accumulation rate. Estimating a drift-

diffusion model, which was based on our modeling experience in M2, we found clear evidence

for both hypotheses. Thus, evidence accumulation was initiated with a delay and continued

for a longer time until a decision was made. Analyzing the LRP data, we found that former

finding was supported by a delayed LRP onset in memory trials which was related to the

time consumed by non-decisional processes. Contrary to our initial predictions, however, the

slope and amplitude of the LRP were unrelated to the accumulation rate and the boundary

separation of the cognitive model.

An important finding of this study is that value-based and memory-based choices are

equally coherent with subjective value ratings. Thus, participants did not develop biased

preferences for money offers in memory trials as reflected in the absence of a drift-rate and

starting point biases. This finding suggests that valuation processes yielded similar outcomes

for both trial types. However, the accumulation rate seemed decreased in memory trials

(mind, however, the diverging interpretation of evidence between highest density intervals

and Bayes Factors). There were no decreases in coherence though, because the boundary

separation was increased in memory trials. However, we speculated that the decreased

accumulation rate may be due to reduced informativeness of individual evidence samples.

This argument is congruent with recent findings describing memory reenstatement as a

hippocampal process with rhythmically increasing fidelity (Kerrén et al., 2018; Staresina

& Wimber, 2019; Treder et al., 2021). In other words, memories are not instantaneously

accessible to the system but get more vivid over time, orchestrated by the hippocampus. As

the hippocampus seems to be particularly relevant for valuation from memory (M1, Gluth et

al., 2015), it is conceivable that valuation underlies such retrieval dynamics in the remember-
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and-decide task. If so, it would be advantageous to formulate evidence accumulation models

which account for the dynamic nature of memory retrieval. In Manuscript 4, I describe our

first steps toward such models.

4.5 Conclusions

In this study, we investigated the temporal dynamics of memory retrieval and action selec-

tion. For both of our research questions, we faced complications. Our attempt to identify

a neural signature of memory retrieval failed. Moreover, only the LRP onset but not the

slope or peak amplitude revealed insights into the process of evidence accumulation. While

these complications limited the explanatory power of this study, we were nevertheless able to

draw some conclusions. Our findings suggested that memory retrieval and action selection

likely progress in parallel for some time and that memory-based decisions are associated

with a delayed onset and altered evidence accumulation dynamics concerning the drift-rate

and boundary separation. Future research may learn from the complications we faced and

develop new approaches to give definitive answers to the questions we could not address

here.

An important issue was the rather narrow scope of this study. The cognitive modeling

aspect was restricted to the dynamics of action selection in the hope to study the temporal

dynamics of memory retrieval via neural measures. However, our results highlighted the

importance of accounting for the dynamics of memory retrieval in the evidence accumulation

framework. In Manuscript 4 (Chapter 5) we outlined a promising approach to this endeavour.



Chapter 5

The value of memory structure

Kraemer, P. M., Wulff, D. U., & Gluth, S. (2021b). A sequential sampling account of

semantic relatedness decisions. Proceedings of the 43rd Annual Meeting of the Cognitive

Science Society, 1788–1794. https://doi.org/10.31234/osf.io/ksa2g.

5.1 An evidence accumulation model for memory re-

trieval and action selection

The previous chapters approached memory-based decisions by studying the effects of memory

on valuation and action selection processes. For reasons of simplicity, memory was treated

as a boolean variable that indicated whether snacks were recallable (M1, M2) or whether

participants were situated in a memory trial or a value trial (M3). This practice however

neglects the dynamics of memory retrieval and leads to an insufficient description of memory-

based decisions. In this final manuscript, we addressed the question of how the dynamics

of memory retrieval and action selection can be jointly accounted for within the evidence

accumulation framework.

To study mechanisms of memory, it is often useful to assume a representational basis

of knowledge, also denoted as memory representation or memory structure (Kahana, 2020).
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Memory structure has been of particular importance in research on semantic memory, where

concepts are represented in accordance to their relative meaning. Drawing on the concept of

semantic relatedness (hence, the relatedness of concepts in their meaning), researchers have

developed different memory structures such as semantic networks, feature lists and vector

spaces (see, Jones et al., 2015; Kumar, 2020, for reviews). Such structures are suitable to

model retrieval dynamics such as spreading activation, provided an adequate process model

is chosen to link semantic relatedness to realistic behavior (Jones et al., 2018; Siew et al.,

2019).

Here, we tested if evidence accumulation models can be designed to model action se-

lection and memory retrieval by drawing on a memory structure. We focused on semantic

relatedness decisions, where participants judge whether two concepts are semantically re-

lated or not. We simulated data for three evidence accumulation models, which depended

on semantic relatedness scores from a semantic vector space model. We showed how these

models can account for different behavioral benchmarks, and partly made valid predictions

for phenomena, not yet described in the literature.

Our findings highlighted the leaky competing accumulator model (LCA). The LCA not

only accounted for all behavioral benchmarks, it also modeled the dynamics of memory re-

trieval and action selection within the same process. On the one hand, the lateral inhibition

between the accumulators Irelated and Iunrelated represented the competitive nature of action

selection, guiding the race toward a ”related” versus ”unrelated” response. On the other

hand, the dynamics of memory retrieval were covered by the accumulation rate of the Irelated

accumulator. The shorter the semantic distance between two concepts, the faster the accu-

mulator approached the decision threshold. This dynamic may mimic the activation level

of a memory trace between both concepts in a semantic network (Anderson, 1983; Collins

& Loftus, 1975; van Maanen et al., 2012). Taken together, we demonstrated that the LCA

can be implemented to account for the parallel nature of memory retrieval and action selec-

tion as we assumed in M3. It is, however, yet to be established how modeling attempts of
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value-based decisions could profit from this possibility.

5.2 Relating semantic relatedness and value

As outlined in Chapter 2, the neuroeconomic framework posits that the neural implementa-

tion of valuation processes depends on the integration of attribute values (Rangel & Hare,

2010). This qualifies multi-attribute value theories (e.g., Keeney & Raiffa, 1976) as a cog-

nitive model to valuation on the computational level. To study valuation, some researchers

pre-specify attributes and attribute values of choice options and present them in a structured

matrix (see e.g., Ettlin et al., 2015, for a discussion). However, this practice is not only rela-

tively artificial as it neglects the role of internal memory representations (M3, Lynch & Srull,

1982), it is also fairly directive since it remains unclear, which attributes an agent would take

into account in realistic scenarios (Bhatia & Stewart, 2018). Many neuroeconomists omit

this issue by adhering to independently measured value ratings (such as liking or willingness-

to-pay) which serve as surrogates of the outcomes of valuation processes. These proxy values

are then used to inform cognitive action selection models (e.g., M3, Bakkour et al., 2019;

Krajbich et al., 2010; Polańıa et al., 2014). Often, the implicit assumption is that valuation

occurs by sampling attribute values from latent distributions in memory (Noguchi & Stewart,

2018; Polańıa et al., 2019; Stewart et al., 2006). It is needless to say, that this approach not

only neglects the memory retrieval dynamics that are relevant for value computation, it also

remains uninformative about what attributes are relevant for a specific decision problem.

Thus, both, the pre-specifying and the omitting approach, exhibit substantial limitations

and therefore can only be seen as interim solutions to model valuation until more sophis-

ticated approaches are developed. Here, I argue that memory structures might provide an

useful approach to represent attributes and attribute values in memory-based decisions.

Memory structures are typically constructed by the organizational principle of semantic

relatedness or similarity (Jones et al., 2015). Whereas similarity has been shown to affect
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multi-attribute choice in decisions from experience (e.g., Jarecki & Rieskamp, 2022), it is

conceivable that these principles can also be exploited to model one-shot decisions like con-

sumer choices. Based on the domain of the decision problem (e.g., food choice), people may

adhere to semantically related attributes (e.g. healthiness or tastiness). Semantic space

models may be suited to compute a representational basis for these attributes for instance

by using vector arithmetics (Levy et al., 2015; Mikolov et al., 2013; Pennington et al., 2014)

or dimensionality reduction (Bhatia & Stewart, 2018). One could then compute the seman-

tic relatedness of individual choice options (e.g., broccoli, chocolate) with the attributes to

obtain information about attribute values. Say for example, a semantic space model predicts

broccoli to highly relate with healthiness whereas chocolate scores low on healthiness but

high on tastiness. Semantic space models may thus be helpful to assess relevant attributes

and to obtain information about attribute values without the necessity to pre-specify the

attribute dimensions. Still, however, there is the need to transform the mnemonic properties

of choice options into preference related values to drive action selection (Bhatia et al., 2019),

leaving room for extensive research in this area.

On the other hand, modeling the retrieval dynamics may help to gain a deeper under-

standing of well-known neuroeconomic phenomena. For instance, the tastiness of food items

has been found to be processed earlier than healthiness (Sullivan et al., 2015). While the

authors offered different levels of abstractness between healthiness and tastiness, Maier et al.

(2020) suggested this difference to be due to memory retrieval. In line with query theory, at-

tributes may be recalled at at different time points (Johnson et al., 2007). It is thus possible,

that, analogously to the findings of this simulation study, tastiness is recalled faster due to a

shorter semantic distance of foods and taste, as compared to snacks and healthiness. Future

studies may profit from the information of semantic distance embedded in vector space and

network models, offering mnemonic quantities to explain the different time points, at which

these attributes enter the action selection process (see also, van Maanen et al., 2012).
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5.3 Conclusions

In this simulation study, we have explored evidence accumulation models which draw on

memory retrieval dynamics associated with semantic distance on the one hand and the com-

petitive nature of action selection on the other hand. These models can account for estab-

lished response time effects in semantic relatedness decisions and make valid predictions for

phenomena which were not described in the literature record. While these findings underline

the utility of evidence accumulation models for memory-based decisions more generally, it

is an important future research question, how the memory structure and retrieval processes

can be used to study preferential decisions.



Chapter 6

Summary and perspectives

6.1 Summary

In this dissertation, I investigated the diverse roles of memory in economic choice. Reviewing

literature on memory-based decision making, me and my colleagues argued that insufficient

memory recall results in biased valuation processes which we have examined on the neural

and behavioral level (M1, Chapter 2). We pinpointed meta-cognitive beliefs and uncertainty

aversion as psychological explanations for this phenomenon. Additionally, we reasoned that

cognitive modeling, and the evidence accumulation framework in particular, is suited to

study the neural and cognitive processes of memory-based decision making.

Using evidence accumulation models, we eliminated an alternative account of the mem-

ory bias, which attributed the bias to different decision policies during action selection (M2,

Chapter 3). The memory bias appears to be rather the result of a single process than a dual

process as conceptualized here. While this project contributed to a pertinent characteriza-

tion of the memory bias as a valuation bias, it also highlighted the importance of a closer

inspection of the temporal dynamics of action selection during memory-based decisions.

Investigating the temporal profile of these decisions in another experiment (M3, Chapter

4), we found that memory-based decisions consume considerably more time than common

32
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consumer choices. By combining temporally-precise EEG technology with neuro-cognitive

modeling, we attributed the additional time to a delayed action selection onset as well as

altered evidence accumulation dynamics in memory-based choice formation. In addition,

these findings suggested that memory recall and action selection operated largely in parallel.

While these findings highlighted key features of memory-based decisions, it remained

unknown how the temporal profile of memory retrieval affects action selection. To study

this in more detail, I tested the suitability of different cognitive models to integrate the

dynamics of memory retrieval into the action selection process (M4, Chapter 5). As a main

finding, the leaky competing accumulator model, in conjunction with a semantic memory

structure, exhibited high potential to explain established behavioral findings and predict new

phenomena.

All in all, the conducted research established several effects of memory on decision pro-

cesses with a particular focus on valuation and action selection. This dissertation thereby

contributed to the growing understanding of memory-based decision making in neuroeco-

nomics. The developed cognitive models and approaches will hopefully stimulate present

and future research.

6.2 Future directions

In the presented manuscripts, we pointed out several future directions in decision making

research. New brain imaging studies may unravel the role of meta-cognitive beliefs and

uncertainty aversion to explain the memory bias on the neural level (M1). Further, there

is the need to use mathematically formulated dual-process models to test their validity

over a large set of decision problems (M2). More research is needed to characterize EEG

markers of memory retrieval and action selection and to study the neural (co-)dynamics

of these signals (M3). Finally, the sheer complexity of memory-based decision problems

asks for more inclusive models which jointly consider memory structure, memory retrieval
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and decision processes (M4). All these points are – in my opinion – valid and can lead to

new advances in the field. However, here I would like to discuss a problem, which I hold

worthwhile to approach at this state: Generating choice sets from memory.

To specify this problem, I would like to revisit the neuroeconomic framework of value-

based decision making (Rangel et al., 2008). According to this framework, approaching and

avoiding choice options is represented by action plans. Most experimental paradigms expose

participants to a decision problem, where the choice options are exogenously provided by

the experimenter. Of course, this scenario constitutes a simplification of ecologically valid

decisions. To take the example of restaurant choice: It is unlikely that, while an agent

considers where to have lunch, a stranger shows up and says something like ”Tell me, do you

want to go to the canteen or to the cafeteria? No other option allowed!”. Instead, many –

if not most – decision problems in the wild require agents to autonomously generate a set of

endogenous choice options (e.g., italian restaurant, indian restaurant, fast food restaurant

etc.) and to decide among them. To be clear, the use of exogenous choice options is justifiable

under a reductionist research strategy. However, this practice obscures that memory does

not only serve to sample attribute values of choice options – as mainly investigated in this

dissertation – but also to generate the choice options themselves using memory recall. While

behavioral economists have identified this issue in the last century (Lynch & Srull, 1982;

Roberts & Lattin, 1997), it has only recently made its way into the neuroeconomic literature

(e.g., Bhatia, 2019; Zhang et al., 2021). In the following, I will address two potentially

impactful directions, which should be pursued to set a research agenda for this problem.

First, in judgment and decision making, it is a common research strategy to identify

deviations from economically rational behavior (Rieskamp et al., 2006). So far, research

on decisions with endogenous choice sets has not systematically investigated choice biases

but has identified several effects, which give strong grounds for further investigation. When

agents generate options from semantic memory, their memory search has been shown to

underlie classic phenomena such as semantic clustering (Bhatia, 2019) and priming (Nedun-
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gadi, 1990). It is plausible that, due to such memory effects, agents generate options from

semantic fields which are ill-suited to meet the current task demands. Hence, the resulting

choice set may be biased in a way that the agent misses to consider highly valuable choice

options, likely leading to unfit decision outcomes. Another potential source of bias is the

tendency to recall desirable items early (Aka & Bhatia, 2021; Bhatia, 2019). Effects of se-

rial position of recall have been demonstrated in the context of memory-based decisions (Li

& Epley, 2009) and are coherent with accounts of bounded rationality, which suggest that

options which are recalled early are likely favorable (Johnson & Raab, 2003). Analogously

to the meta-cognitive beliefs that partly give rise to the memory bias (Mechera-Ostrovsky

& Gluth, 2018), it is possible that meta-cognitive beliefs also play a role in endogenous deci-

sions, favoring options which are recalled early. Future research should follow a systematic

research program, comparable to the one presented in M1, to develop adequate experimental

paradigms and to test for the existence of the predicted effects.

Second, since recall of choice options depends on a process of memory search, it is reason-

able to assume that choice options are recalled at different points in time (e.g., Hills et al.,

2012; Jones & Mewhort, 2007). Consequently, action plans may be initiated at different time

points (e.g., van Maanen et al., 2012). Thus, some early recalled options may have a tem-

poral advantage as their action selection process can progress (and even terminate), while

other options are not even yet considered, requiring further retrieval time to be represented

in the decision problem. A potential direction for future research is to formulate a cognitive

model which accounts for these properties of a temporal advantage. As I showed in M4, the

LCA constitutes a promising starting point for such an purpose. Each action plan could

be represented as a separate accumulator on the decision corridor with mutual inhibition

governing the competitive nature of action selection. The initiation time of an accumulator

might depend on a separate accumulation-to-bound process which reflects memory retrieval

from semantic structures. Favorably, the rate parameters of the accumulators would depend

on a valuation function, which transforms memory contents to units of subjective value
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(Chapter 5). To validate such a model, real-time neural markers such as the LRP onset may

be helpful to identify time points at which a new option is being considered (M3).

Since the composition of choice sets has a profound effect on our decisions (e.g., Berkow-

itsch et al., 2014; Spektor et al., 2019), it is remarkable that the question of how we generate

endogenous choice sets has received so little attention. One reason may lie in the required

additional assumptions which complicate the investigation of decision making. However,

recent developments in the fields of natural language processing facilitate the study of mem-

ory for judgment and decision making (Bhatia et al., 2019; Kumar, 2020). Combined with

advances in model-based cognitive neuroscience (Turner et al., 2017) one can be reasonably

optimistic that more complex decision problems can be addressed in the future (Busemeyer

et al., 2019), contributing to an elevated ecological validity of experimental decision making

research.

6.3 Final remarks

This dissertation thesis began with a quote by Nobel Laureate Sir Charles S Sherrington,

recognizing that it is action, which is the most important function of mind and brain, as it

ensures our survival and evolutionary success. We have seen that the selection of appropriate

action depends on complex and intertwined computations, performed by our nervous system.

Thereby, researchers often neglect that action needs memory to fulfill its purpose. The

research conducted in this dissertation spent a close look to the relation of the involved

cognitive processes. I focused especially on the temporal dynamics of memory retrieval

and decision making, as they yield valuable insights of how decisions come about. This

dissertation hopefully makes a contribution for the field to recognize the pivotal role of

memory for decision making. After all, as Nobel Laureate Eric R Kandel put it: ”Without

memory, we would be nothing.” (in Seeger, 2009, 00:01:54).



Bibliography

Aka, A., & Bhatia, S. (2021). What I Like Is What I Remember: Memory Modulation and
Preferential Choice. Journal of Experimental Psychology: General, 150 (10), 2175–
2184. https://doi.org/10.31234/osf.io/3uyfz

Alba, J. W., & Hutchinson, J. W. (1987). Dimensions of Consumer Expertise. Journal of
Consumer Research, 13 (4), 411. https://doi.org/10.1086/209080

Alós-Ferrer, C. (2018). A Dual-Process Diffusion Model. Journal of Behavioral Decision
Making, 31 (2), 203–218. https://doi.org/10.1002/bdm.1960

Anderson, J. R. (1983). A Spreading Activation Theory of Memory. Journal of Verbal Learn-
ing and Verbal Behavior, 22, 0–00.

Bakkour, A., Palombo, D. J., Zylberberg, A., Kang, Y. H., Reid, A., Verfaellie, M., Shadlen,
M. N., & Shohamy, D. (2019). The hippocampus supports deliberation during value-
based decisions. eLife, 8, 1–28. https://doi.org/10.7554/eLife.46080

Balci, F., & Simen, P. (2014). Decision processes in temporal discrimination. Acta Psycho-
logica, 149, 157–168. https://doi.org/10.1016/j.actpsy.2014.03.005

Bartra, O., McGuire, J. T., & Kable, J. W. (2013). The valuation system: A coordinate-based
meta-analysis of BOLD fMRI experiments examining neural correlates of subjective
value. NeuroImage, 76, 412–427. https://doi.org/10.1016/j.neuroimage.2013.02.063

Basten, U., Biele, G., Heekeren, H. R., & Fiebach, C. J. (2010). How the brain integrates
costs and benefits during decision making. Proceedings of the National Academy of
Sciences of the United States of America, 107 (50), 21767–21772. https://doi.org/10.
1073/pnas.0908104107

Bayer, H. M., & Glimcher, P. W. (2005). Midbrain dopamine neurons encode a quantitative
reward prediction error signal. Neuron, 47 (1), 129–141. https://doi.org/10.1016/j.
neuron.2005.05.020

37

https://doi.org/10.31234/osf.io/3uyfz
https://doi.org/10.1086/209080
https://doi.org/10.1002/bdm.1960
https://doi.org/10.7554/eLife.46080
https://doi.org/10.1016/j.actpsy.2014.03.005
https://doi.org/10.1016/j.neuroimage.2013.02.063
https://doi.org/10.1073/pnas.0908104107
https://doi.org/10.1073/pnas.0908104107
https://doi.org/10.1016/j.neuron.2005.05.020
https://doi.org/10.1016/j.neuron.2005.05.020


BIBLIOGRAPHY 38

Bays, P. M., & Dowding, B. A. (2017). Fidelity of the representation of value in decision-
making. PLoS Computational Biology, 13 (3), 1–16. https://doi.org/10.1371/journal.
pcbi.1005405

Berkowitsch, N. A., Scheibehenne, B., & Rieskamp, J. (2014). Rigorously testing multialter-
native decision field theory against random utility models. Journal of Experimental
Psychology: General, 143 (3), 1331–1348. https://doi.org/10.1037/a0035159

Bhatia, S. (2019). Semantic processes in preferential decision making. Journal of Experimen-
tal Psychology: Learning Memory and Cognition, 45 (4), 627–640. https://doi.org/10.
1037/xlm0000618

Bhatia, S., Richie, R., & Zou, W. (2019). Distributed semantic representations for modeling
human judgment. Current Opinion in Behavioral Sciences, 29, 31–36. https://doi.
org/10.1016/j.cobeha.2019.01.020

Bhatia, S., & Stewart, N. (2018). Naturalistic multiattribute choice. Cognition, 179 (May),
71–88. https://doi.org/10.1016/j.cognition.2018.05.025

Bogacz, R., Brown, E., Moehlis, J., Holmes, P., & Cohen, J. D. (2006). The physics of optimal
decision making: A formal analysis of models of performance in two-alternative forced-
choice tasks. Psychological Review, 113 (4), 700–765. https://doi.org/10.1037/0033-
295X.113.4.700

Britten, K. H., Shadlen, M. N., Newsome, W. T., & Movshon, J. A. (1992). The Analysis
of Visual Motion: A Comparison of Neuronal and Psychophysical Performance. The
Journal of Neuroscience, 12 (12), 4745–4765. https://doi.org/10.1109/TPWRD.2006.
877077

Busemeyer, J. R., Gluth, S., Rieskamp, J., & Turner, B. M. (2019). Cognitive and Neural
Bases of Multi-Attribute, Multi-Alternative, Value-based Decisions. Trends in Cog-
nitive Sciences, 23 (3), 251–263. https://doi.org/10.1016/j.tics.2018.12.003

Camerer, C., Issacharoff, S., Loewenstein, G., O’Donoghue, T., & Rabin, M. (2003). Regu-
lation for Conservatives : Behavioral Economics and the Case for ”Asymmetric Pa-
ternalism”. University of Pennsylvania Law Review, 151 (3), 1211–1254.

Camerer, C., Loewenstein, G., & Prelec, D. (2005). Neuroeconomics: How neuroscience can
inform economics. Journal of Economic Literature, 43 (1), 9–64. https://doi.org/10.
1257/0022051053737843

Camille, N., Griffiths, C. A., Vo, K., Fellows, L. K., & Kable, J. W. (2011). Ventromedial
frontal lobe damage disrupts value maximization in humans. Journal of Neuroscience,
31 (20), 7527–7532. https://doi.org/10.1523/JNEUROSCI.6527-10.2011

https://doi.org/10.1371/journal.pcbi.1005405
https://doi.org/10.1371/journal.pcbi.1005405
https://doi.org/10.1037/a0035159
https://doi.org/10.1037/xlm0000618
https://doi.org/10.1037/xlm0000618
https://doi.org/10.1016/j.cobeha.2019.01.020
https://doi.org/10.1016/j.cobeha.2019.01.020
https://doi.org/10.1016/j.cognition.2018.05.025
https://doi.org/10.1037/0033-295X.113.4.700
https://doi.org/10.1037/0033-295X.113.4.700
https://doi.org/10.1109/TPWRD.2006.877077
https://doi.org/10.1109/TPWRD.2006.877077
https://doi.org/10.1016/j.tics.2018.12.003
https://doi.org/10.1257/0022051053737843
https://doi.org/10.1257/0022051053737843
https://doi.org/10.1523/JNEUROSCI.6527-10.2011


BIBLIOGRAPHY 39

Chen, F., & Krajbich, I. (2018). Biased sequential sampling underlies the effects of time
pressure and delay in social decision making. Nature Communications, 9 (1), 1–10.
https://doi.org/10.1038/s41467-018-05994-9

Cisek, P. (2012). Making decisions through a distributed consensus. Current Opinion in
Neurobiology, 22 (6), 927–936. https://doi.org/10.1016/j.conb.2012.05.007

Cisek, P., & Kalaska, J. F. (2010). Neural mechanisms for interacting with a world full of
action choices. Annual Review of Neuroscience, 33, 269–298. https ://doi .org/10.
1146/annurev.neuro.051508.135409

Clithero, J. A. (2018). Response times in economics : Looking through the lens of sequential
sampling models. Journal of Economic Psychology, 69 (October 2016), 61–86. https:
//doi.org/10.1016/j.joep.2018.09.008

Clithero, J. A., & Rangel, A. (2014). Informatic parcellation of the network involved in the
computation of subjective value. Social Cognitive and Affective Neuroscience, 9 (9),
1289–1302. https://doi.org/10.1093/scan/nst106

Cohen, N. J., & Squire, L. R. (1980). Preserved learning and retention of pattern-analyzing
skill in amnesia: Dissociation of knowing how and knowing that. Science, 210 (4466),
207–210. https://doi.org/10.1126/science.7414331

Coles, M. G. (1989). Modern mind-brain reading: Psychophysiology, physiology, and cogni-
tion. Psychophysiology, 26 (3), 251–269. https://doi.org/10.1111/j.1469-8986.1989.
tb01916.x

Coles, M. G. H., & Gratton, G. (1988). Detecting early communication: Using measures of
movement-related potentials to illuminate human information processing. Biological
Psychology, 26, 69–89.

Collins, A. M., & Loftus, E. F. (1975). A Spreading Activation Theory of Semantic Pro-
cessing. Psychological Review, 82 (6), 407–428. https : / / doi . org / 10 . 1037 / /0033 -
295X.82.6.407

D’Ardenne, K., McClure, S. M., Nystrom, L. E., & Cohen, J. D. (2008). BOLD responses re-
flecting dopaminergic signals in the human ventral tegmental area. Science, 319 (5867),
1264–1267. https://doi.org/10.1126/science.1150605

Dutilh, G., & Rieskamp, J. (2016). Comparing perceptual and preferential decision making.
Psychonomic Bulletin and Review, 23 (3), 723–737. https://doi.org/10.3758/s13423-
015-0941-1

https://doi.org/10.1038/s41467-018-05994-9
https://doi.org/10.1016/j.conb.2012.05.007
https://doi.org/10.1146/annurev.neuro.051508.135409
https://doi.org/10.1146/annurev.neuro.051508.135409
https://doi.org/10.1016/j.joep.2018.09.008
https://doi.org/10.1016/j.joep.2018.09.008
https://doi.org/10.1093/scan/nst106
https://doi.org/10.1126/science.7414331
https://doi.org/10.1111/j.1469-8986.1989.tb01916.x
https://doi.org/10.1111/j.1469-8986.1989.tb01916.x
https://doi.org/10.1037//0033-295X.82.6.407
https://doi.org/10.1037//0033-295X.82.6.407
https://doi.org/10.1126/science.1150605
https://doi.org/10.3758/s13423-015-0941-1
https://doi.org/10.3758/s13423-015-0941-1


BIBLIOGRAPHY 40

Edwards, W. (1965). Optimal strategies for seeking information: Models for statistics, choice
reaction times, and human information processing. Journal of Mathematical Psychol-
ogy, 2 (2), 312–329. https://doi.org/10.1016/0022-2496(65)90007-6
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A B S T R A C T   

Value-based decisions depend on different forms of memory. However, the respective roles of memory and 
valuation processes that give rise to these decisions are often vaguely described and have rarely been investigated 
jointly. In this review article, we address the problem of memory-based decision making from a neuroeconomic 
perspective. We first describe the neural and cognitive processes involved in decisions requiring memory pro-
cesses, with a focus on episodic memory. Based on the results of a systematic research program, we then spotlight 
the phenomenon of the memory bias, a general preference for choice options that can be retrieved from episodic 
memory more successfully. Our findings indicate that failed memory recall biases neural valuation processes as 
indicated by altered effective connectivity between the hippocampus and ventromedial prefrontal cortex. This 
bias can be attributed to meta-cognitive beliefs about the relationship between subjective value and memory as 
well as to uncertainty aversion. After summarizing the findings, we outline potential future research endeavors to 
integrate the two research traditions of memory and decision making.   

1. Introduction 

Most of our daily decisions rely on past experiences. Be it what food 
we prefer, whether to invest in stocks or what pictures we like on social 
media, we never face these decisions with a clean sheet. Instead, we are 
influenced by our past learning, semantic knowledge, or autobio-
graphical background. In other words: Decision making strongly de-
pends on information that we obtain from memory. But how do we make 
decisions when memory recall is impaired? How do we decide when we 
do not recall how a specific food tastes, how well a stock has performed 
in the past, or what content a picture shows? How do our decision 
processes adapt to such situations when memory fails? 

In this review article, we first give a neuroeconomic perspective on 
value-based decision processes and how they relate to memory on a 
cognitive and neural level. Second, we review the literature on how 
people make decisions when significant information about the potential 
choice options cannot be made available by memory processes. Third, 
we spotlight the memory bias, a human tendency to prefer even relatively 
unattractive choice options over uncertain options that cannot be 
adequately recalled. Fourth, we summarize the current state of research 
regarding the memory bias and connect it to recent literature on the 
interplay of memory and decision making. Finally, we describe future 

avenues and challenges for studying the cognitive neuroscience of 
memory-based decision making. 

2. Decision making and memory 

2.1. A neuroeconomic perspective on decision making 

How do we decide between different alternatives? Over centuries, 
mathematicians, economists, and later on also psychologists and neu-
roscientists have been concerned with this question. The dominant view 
nowadays comes from expected utility theory, proposing that decision- 
makers decide between different options as if they seek to maximize the 
utility they derive from doing so (von Neumann and Morgenstern, 
1953). An alternative term for utility is subjective value, defined as a 
latent variable that describes the personal preference for a choice option 
(Menger, 1871). We will use the term subjective value for the remainder 
of this review. For decades, researchers treated subjective value as a 
black box that cannot be observed but only inferred from choice 
behavior (Samuelson, 1937). However, the relatively young discipline of 
neuroeconomics draws on theory and methodology from economics, 
cognitive psychology, and neuroscience to gain a deeper understanding 
of how subjective value is computed and used for decision making 
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(Camerer et al., 2005; Glimcher and Fehr, 2013). 
A popular model to study value-based choice is the two-stage model 

(e.g., Platt and Plassmann, 2013), according to which decision making 
occurs essentially in the two stages of valuation and action selection. 
During valuation, decision-makers attribute subjective value to the 
choice options they consider, thereby forming a neural representation of 
value. Converging evidence from neurophysiological and lesion studies, 
some of which date back to the 1980s (for overviews, see Montague and 
Berns, 2002; Rolls, 2000), as well as from ensuing brain imaging studies 
(Bartra et al., 2013; Clithero and Rangel, 2014) suggest frontal brain 
regions, particularly the ventromedial prefrontal cortex (vmPFC), to 
show an activity profile that matches the idea of a representation of 
subjective value. vmPFC seems to construct and integrate value signals 
(Bault et al., 2019; Chib et al., 2009; Vaidya and Fellows, 2020) and 
contribute to the comparison between value-based choice options 
(Boorman et al., 2009; Rushworth et al., 2011). 

During action selection, decision-makers consider alternative action 
plans (e.g., approaching one or another choice option) and select among 
them to achieve a current goal (e.g., maximize subjective value). Several 
cortical regions such as the posterior parietal cortex, the frontal eye 
fields, or the supplementary motor area have been associated with the 
representation and selection of action plans (see, Cisek and Kalaska, 
2010; Gold and Shadlen, 2007, for reviews). As association areas, these 
regions receive afferent inputs from various brain areas involved in 
perception, cognition, and valuation and have efferent connections with 
motor areas that initiate the potential actions (Shadlen and Shohamy, 
2016). Neurons in the association areas are effector-specific and tuned to 
particular actions (Cisek, 2007). Action selection can be understood as 
the competitive activation of these neurons over time. When the acti-
vation level of one action plan outweighs that of all others by some 
margin, the respective behavior is triggered, much like in an 
accumulation-to-bound process (Shadlen and Kiani, 2013). While in 
perceptual decisions, action selection draws on sensory inputs, in 
value-based decisions, regions that code for subjective value affect ac-
tion selection (Busemeyer et al., 2019; Hunt and Hayden, 2017; Shadlen 
and Shohamy, 2016). 

The two-stage model states that valuation and action selection are 
two critical processes for value-based decision making (Platt and 
Plassmann, 2013; Rangel et al., 2008). Choice options need to be eval-
uated to represent subjective value. Further, the subjective value of 
different options needs to be compared to select an appropriate action. It 
is debated whether the process of comparing subjective values of 
different options is executed in regions such as vmPFC that code for the 
value of choice options (Padoa-Schioppa, 2011; Rushworth et al., 2012) 
or in regions that code for actions (Cisek and Kalaska, 2010; Gold and 
Shadlen, 2007). While the solution of this debate is not directly relevant 
to our work, it highlights the importance of a detailed understanding of 
how subjective value is assessed and computed in the neuro-cognitive 
system. We argue that valuation crucially depends on memory pro-
cesses, as discussed below. 

2.2. Why memory is important for decision making 

There is consensus that value signals in the brain are constructed 
with the support of memory (Hunt and Hayden, 2017; Shadlen and 
Shohamy, 2016; Shohamy and Daw, 2015). Although the interplay of 
memory and value-based decision processes was recognized decades ago 
in the literature (Lynch and Srull, 1982; Nedungadi, 1990), the two 
cognitive functions have been studied largely in separation. This, how-
ever, has changed recently, as neuroeconomists have become increas-
ingly interested in understanding the role of memory-related brain 
regions such as the hippocampus in value-based choice tasks (Shohamy 
and Daw, 2015). At the same time, psychological research developed 
more integrative models of judgment and decision making (Johnson 
et al., 2007; Stewart et al., 2006; Suri et al., 2020; Zhao et al., 2021). 
Also, behavioral economics started to integrate memory processes into 

their theories in order to explain relevant contextual biases on consumer 
and investment behavior (Bordalo et al., 2020; Gödker et al., 2019). 

Importantly, memory is not a homogeneous cognitive function but 
an umbrella term that comprises several, loosely connected mechanisms 
and systems. To elaborate on how value is constructed from memory, it 
is necessary to understand what form of memory is under consideration. 
Classically, cognitive psychology distinguishes between two major long- 
term memory systems: declarative and non-declarative memory (Cohen 
and Squire, 1980). Non-declarative memory describes implicit memory 
processes which cannot be verbalized, such as procedural memory (skills 
and habits), priming, classical conditioning, and non-associative 
learning. On the other hand, the declarative memory system circum-
scribes semantic memory for facts about the world and episodic memory 
for past experienced events (Milner et al., 1998). Retrieval of episodic 
memories is characterized by a conscious recollection of the events 
alongside the context in which they took place. Although episodic 
memory covers autobiographical episodes, it is not to be confused with 
autobiographical memory, which focuses on autobiographical contents 
without a conscious recollection of context (Wheeler et al., 1997) and 
has a partly different neural basis (Gilboa, 2004). 

Traditionally, neuroeconomists focused on the impact of non- 
declarative memory processes and, in particular, reinforcement 
learning on decision making (see Dayan and Niv, 2008; Dolan and 
Dayan, 2013, for a review). This framework is concerned with how 
decision-makers learn action-dependent habits, which can affect the 
probabilities of specific responses without an explicit representation of 
value (Mishkin et al., 1984). In recent years, however, the field has 
become more and more interested in how decision-makers weigh in 
mnemonic information from episodic memory (Biderman et al., 2020; 
Shadlen and Shohamy, 2016; Weilbächer & Gluth, 2017). Accordingly, 
people retrieve specific episodes from past rewarding or punishing 
events and integrate these into their valuation processes when making 
new decisions. Notably, episodic memory has also been implicated in 
reinforcement learning (Bornstein et al., 2017; Gershman and Daw, 
2017) and decisions from experience (Hertwig et al., 2004), both being 
prominent research directions in neuroeconomics. 

On the neural level, a long tradition of lesion and neuroimaging 
studies identified the hippocampus and the surrounding medial tem-
poral lobe as key players in episodic memory (see Milner et al., 1998; 
Squire and Wixted, 2011, for reviews). In value-based decisions from 
memory, it seems that the hippocampus engages with the vmPFC to 
affect valuation processes, as shown by electrophysiological and brain 
imaging studies (see Palombo et al., 2015; Weilbächer & Gluth, 2017, 
for reviews). Thus, during a decision between several options, episodic 
memories that are associated with those options are being recalled and 
affect their valuation (Bakkour et al., 2019; Murty et al., 2016), which in 
turn drives the action selection process (Biderman et al., 2020; Shadlen 
and Shohamy, 2016). 

On the other hand, the hippocampus and the surrounding medial 
temporal lobe are not the only brain regions involved in episodic 
memory, and the vmPFC has not only been associated with decision- 
making but also with memory-related processes. For example, patients 
with vmPFC lesions construct past and future events only with low 
episodic detail (Bertossi et al., 2016), and lesions to the mPFC in rats 
lead to impairments of recalling place-reward associations (Seamans 
et al., 1995). Furthermore, brain imaging studies have identified the 
parietal lobe as another critical brain region that is regularly involved in 
episodic memory tasks (Wagner et al., 2005). An interesting suggestion 
concerning this area’s role in episodic memory is that it may implement 
an accumulation-to-bound process for memory retrieval, given that ac-
tivity in the lateral posterior parietal cortex is tightly coupled with ac-
curacy and response times in recognition tasks (Sestieri et al., 2014; 
Wagner et al., 2005). In other words, neurons in the parietal lobe may 
accumulate evidence for identifying an object as recognized or novel. 
Given all of these findings, the neural circuitry that mediates 
value-based decisions from memory is arguably much more complex 
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than the mere assumption of a hippocampus-to-vmPFC axis, in which 
the former region would strictly represent mnemonic processes, and the 
latter would be solely associated with choice-related mechanisms. 

3. When memory fails to inform decisions 

The relationship of memory and decision making can be better un-
derstood by adopting the view of humans as bounded-rational decision 
makers (Kahneman and Tversky, 1979; Simon, 1956) who have to adapt 
their choice strategies to meet the challenges of limited knowledge and 
cognitive capacities. From this perspective, it is reasonable to assume 
that some violations of classic economic theory originate from limits 
associated with the cognitive process of memory retrieval (Weber and 
Johnson, 2006). 

For example, the impact of memory retrieval on decisions from 
experience has been examined extensively (Hertwig et al., 2004). In 
these tasks, people learn about the potential outcomes of choice options 
by receiving feedback for chosen options. Many of those decisions are 
affected by the accessibility of information in memory. For instance, the 
serial position of information affects memory retrieval and choice. First 
presented information (i.e., primacy effect) and most recently learned 
information (i.e., recency effect) have been shown to have a greater 
likelihood to be remembered and to influence choice (Hertwig et al., 
2004; Shteingart et al., 2013). Madan et al. (2014) showed that 

associative priming (Ludvig et al., 2015), which describes the increased 
likelihood of retrieving items associated with extreme outcomes (posi-
tive or negative), exerts an effect on risky choices. Similarly, St-Amand 
et al., 2018 showed that, in decision from experience, people become 
more risk averse when episodic memory is attenuated, that is, they 
choose the option that always offered the same amount of reward more 
frequently. 

A further pervasive role of memory was shown in consumer choices. 
Nedungadi (1990) showed that priming affects information retrieval 
and biases brand choices. Food choices are affected by the neurological 
decline of memory-related brain regions due to age (Levin et al., 2019) 
and brain damage (Bakkour et al., 2019; Enkavi et al., 2017). Taken 
together, these studies emphasize the importance of accessibility of in-
formation in memory-based decision making. 

3.1. The memory bias 

The role of accessibility of memory content becomes evident when 
people fail to access memory during choice formation. Empirical work 
has shown that decision makers adapt to such situations by shifting their 
preferences towards the options they can remember better. This is true 
even if the (better) remembered options are comparatively unattractive 
(Gluth et al., 2015). Thus, people are willing to accept relatively bad 
options as long as they have good memory for them. To give an everyday 

Fig. 1. Remember-and-decide task. A) Task struc-
ture with periods Encoding, Distraction, Decision 
and Recall. The core element of the task is the 
requirement to recall the options when making de-
cisions. B) Different stimulus categories used in the 
experiments. C) Choice data, showing the memory 
bias. The curves show the probability of choosing 
the remembered option (as a function of its stan-
dardized subjective value) when the other option 
cannot be recalled. The memory bias is evident by 
the fact that the psychometric curves cross the 
indifference line (P = 0.5) at a standardized value 
below 0, reflecting an elevated preference for the 
remembered option. It has been replicated in mul-
tiple experiments and across different stimulus 
categories.   
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example, people may choose to eat at an arguably unattractive fast-food 
restaurant instead of an alternative one, because they might recall less 
details from their previous visits of the latter compared to the former. 
Although chances are that the alternative restaurant is preferable, peo-
ple tend to prefer the unattractive option which is associated with more 
detailed memory recall. Gluth et al. (2015) termed this effect the memory 
bias. 

The phenomenon was established using the remember-and-decide task 
(Fig. 1A). This task comprises several rounds, each consisting of four 
phases: encoding, distraction, decision and cued recall. During the 
encoding phase, participants learn the association between a number of 
items (e.g., food snacks, images, monetary rewards) and their location 

on the screen. Next, a distraction phase prevents participants from 
maintaining the encoded item-location associations in their working 
memory. In the decision phase, participants face a two-alternative forced 
choice task. In each decision trial, two locations from the encoding 
phase are highlighted and participants decide which item they prefer. 
Importantly, the items are “hidden” so that the items’ identities need to 
be recalled from memory. After performing a number of these decision 
trials, participants enter the recall phase in which their ability to retrieve 
the items behind each location is tested. For each of these items, par-
ticipants then rated the memory strength, that is, they reported their 
subjective estimation of vividness of the snack in memory. 

The core feature of the remember-and-decide task is that, in the 

Fig. 2. Neural mechanisms of memory-based de-
cisions (Gluth et al., 2015). A and B) During 
encoding of future choice options, vmPFC (together 
with ventral striatum; VS) represents the subjective 
value of the options, and hippocampus predicts 
which item will be remembered later on. C) During 
memory-based decisions, both vmPFC and hippo-
campus (HC) represent the value of chosen options, 
but only vmPFC encodes unchosen option values as 
well. D) A significantly positive coupling from HC 
to vmPFC was only observed in trials, in which the 
better remembered option was chosen, suggesting 
that this connectivity mediates the memory bias.   
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decision period, participants need to retrieve item-specific information 
from memory to make informed preferential choices. Obviously, choices 
depend heavily on whether the item can be retrieved or not. When both 
items are recalled, choice probability is a probabilistic function of the 
value difference between the two options, just as in regular value-based 
decisions (McFadden, 2001). When none of the items is recalled, par-
ticipants are forced to guess. Most importantly, when only one option, 
but not the other, can be recalled, participants must solely rely on the 
value of the remembered option to make an informed decision. In this 
case, we observed a biased choice behavior as participants did not only 
choose remembered options of average and above-average but also of 
below-average subjective value. Only remembered options of extremely 
low subjective value were rejected. This memory bias can be visualized as 
a shift in the choice curve that links the standardized subjective value of 
the remembered option to its probability of being chosen (Fig. 1C). 

Across five studies, we investigated the cognitive and neural mech-
anisms that mediate the memory bias. After identifying the hippocam-
pus and vmPFC as key brain regions (Gluth et al., 2015), we assessed to 
what extent the memory bias is driven by subjective beliefs in memory 
strength (Mechera-Ostrovsky and Gluth, 2018), visual attention 
(Weilbächer et al., 2021), and whether the memory bias resembles de-
cisions under uncertainty (Weilbächer et al., 2020). Finally, we tested 
whether the bias is better accounted for by a single evaluation process or 
by dual processes involving heuristics and utility maximization 
(Kraemer et al., 2020). In the next section, we revisit this work and draw 
connections from it to related recent literature on memory-based deci-
sion making. 

3.2. The neural basis of the memory bias (Study 1) 

Gluth et al. (2015) discovered the memory bias in a fMRI study with 
three groups of participants (two memory groups, one control group) 
performing the remember-and-decide task with food snacks as choice 
options. While the two memory groups exhibited the memory bias, the 
control group –which did not have to recall but saw the snacks during 
the decision phase– did not show a tendency to choose the options they 
could recall in the ensuing recall period. 

As participants encoded the snack-location associations, ventral 
striatum and vmPFC activity was correlated with the subjective value of 
the snacks (Fig. 2A). Both areas are projection areas of the dopaminergic 
reward system and encode subjective value (Bartraet al., 2013). While 
the hippocampus was not sensitive to subjective value during encoding, 
its activity predicted whether a snack was recalled during decision and 
recall phases, in line with subsequent memory effects (Kim, 2011) 
(Fig. 2B). During the decision phase, the snack values of chosen options, 
modulated by their memory strength, were present in vmPFC and 
anterior hippocampus, but the value of unchosen options were only 
correlated with vmPFC activity (Fig. 2C). These results suggest that the 
hippocampus was partially co-activated with the valuation system 
during memory-based decisions, in line with previous evidence for 
representations of subjective value in the hippocampus (Lebreton et al., 
2009; H. Lee et al., 2012). When testing for a neural correlate of the 
memory bias, an increased hippocampus-vmPFC connectivity was found 
when participants chose the better remembered option (Fig. 2D). Thus, 
the hippocampus-vmPFC axis appears to be more involved when 
memory strength has an effect on choice. This could implicate that the 
hippocampus affects valuation processes in vmPFC in a way which 
biases action selection in favor of remembered options (Shadlen and 
Shohamy, 2016). This is in line with converging literature on the role of 
the hippocampus in deliberation (Bakkour et al., 2019; Biderman et al., 
2020; Bornstein and Norman, 2017). 

These findings suggest that valuation processes in vmPFC depend on 
hippocampus when episodic memories affect deliberation. Interestingly, 
a recent study by Zhang et al. (2021) found functional coupling of 
vmPFC and antero-lateral prefrontal cortex when semantic memory is 
used, presumably for choice set generation and semantic retrieval. It is 

an open question whether such decisions would also be affected by a 
memory bias. For instance a memory bias could play out as a brand 
effect, where people choose brands that they know, even if the product 
quality may be arguably low. This could be due to a higher association of 
a brand with its related features as compared to a retrieved alternative. 

3.3. The role of meta-cognitive beliefs about memory (Study 2) 

Having gained insight on its neural mechanisms, further questions 
arose pertaining to the exact psychological mechanisms that drive the 
memory bias. First, we examined whether meta-cognitive beliefs about 
memory strength play a role in the memory bias. According to this 
rationale, when participants can only remember one option they may 
discount the other (not-remembered) option for the very reason that 
they do not remember it. Psychologically speaking, one could think of 
this mechanism as an “if it’s not remembered, it must be bad” heuristic. 
Hence, we derived the hypothesis that a stronger belief in the value- 
dependency of memory strength should correlate positively with the 
memory bias. 

To test this hypothesis, we conducted a preregistered experiment 
that included not only the remember-and-decide task but also a second 
task that assessed participants’ beliefs about their performance in the 
remember-and-decide task (Mechera-Ostrovsky and Gluth, 2018). In 
this estimate-your-memory task, participants indicated for every snack 
how often they were able to recall it. In addition to replicating the 
memory bias, we found that snacks of high subjective value were indeed 
estimated to be recalled more often. Most importantly and as predicted, 
there was a significantly positive correlation between this 
value-dependency of beliefs and the memory bias on choice. This sug-
gests that meta-cognitive beliefs about the relationship between sub-
jective value and memory contribute to our preference for 
better-remembered alternatives. Future work should investigate the 
neural mechanisms that underlie this contribution. In particular, it 
would be interesting to know whether the connectivity between hip-
pocampus and vmPFC in memory-based decisions is modulated by re-
gions such as the rostrolateral prefrontal cortex, which has been linked 
to meta-cognitive assessments in perceptual and value-based choice (De 
Martino et al., 2013; Fleming et al., 2012). 

Beyond this effect of subjective value on (subjective) beliefs, a non- 
linear relationship between value and (objective) memory perfor-
mance was found. That is, participants showed a higher recall proba-
bility for items with very high values but also (to a lesser extent) for 
items with very low values. Intriguingly, it has been shown that both 
confidence judgments in value-based decisions (Lebreton et al., 2015) 
and meta-cognitive judgments of mnemonic performance (Hebscher 
et al., 2016) exhibit similar U-shaped relationships with subjective value 
and recognition accuracy, respectively. Taken together, these results 
seem to indicate that the memory bias is tightly linked to the notion of 
confidence on both the cognitive and the neural level. More specifically, 
when choosing between a remembered and a forgotten option, people 
may take into account whether they have sufficient memory strength for 
choosing an option. Because this memory strength (or confidence) ap-
pears to be lowest for options that are slightly below average in terms of 
subjective value, as seen in this study, the decision is most difficult at 
this point, which is in line with people being indifferent between the two 
options. 

3.4. The role of attention (Study 3) 

Recent research suggests that overt visual attention affects value 
comparisons in value-based choice (Krajbich, 2019). Although it is 
currently debated whether value or choice is modulated (Mormann and 
Russo, 2021), there is a robust empirical effect that people tend to 
choose options they have looked at longer (Fiedler & Glöckner, 2012; 
Gluth et al., 2020; Krajbich et al., 2010; Pärnamets et al., 2015; Stewart 
et al., 2016; Westbrook et al., 2020). On the other hand, looking 

P.M. Kraemer et al.                                                                                                                                                                                                                            



Current Research in Neurobiology 3 (2022) 100029

6

behavior is also linked to memory retrieval processes (see, Lai et al., 
2013, for a review). In experimental situations, it is established that 
people look at the locations of previously presented options while they 
retrieve information from memory (Renkewitz and Jahn, 2012; Scholz 
et al., 2015). Since overt attention is related to retrieval and to decision 
processes, we asked whether overt attention contributes to the memory 
bias. 

To investigate this, Weilbächer et al. (2021) used eye tracking to 
record gaze patterns in the remember-and-decide task. Once more, we 
replicated the behavioral effect of the memory bias. In line with the 
studies mentioned above, we also found that chosen options received 
significantly more attention than unchosen options. However, remem-
bered options were not looked at longer or more often than 
not-remembered options. Thus, both an attention bias and a memory 
bias were present, but they did not influence each other. More generally, 
the study allowed us to compare decisions with visually presented op-
tions (value trials) against decisions that required options to be recalled 
from memory (memory trials). We found that the influence of attention 
on choice was stronger in memory trials compared to value trials. We 
speculate that in the case of memory-based decisions, attention is likely 
to be relevant for the retrieval process itself, potentially facilitating in-
formation retrieval (Richardson and Spivey, 2000; Scholz et al., 2011). 
As a consequence, people may exhibit an even stronger preference for 
attended options in these kind of decisions. Additionally, we found that 
decisions involving episodic memory were less consistent with subjec-
tive value ratings. This higher stochasticity likely depends on the fact 
that information needs to be retrieved from episodic memory. Some 
theories of decision making suggest that subjective values are sampled 
or retrieved from internal value representations (Polanía et al., 2019; 
Stewart et al., 2006). It seems plausible that the greater stochasticity is 
due to uncertain success of the memory retrieval or sampling processes. 
If this is true, then choice consistency should be tightly coupled to 
memory strength. Future studies may further look into this relationship, 
for instance, by varying memory strength in a parametric way. 

3.5. The role of uncertainty (Study 4 and 5) 

Arguably the most obvious cognitive mechanism underlying the 
memory bias is uncertainty. Specifically, we reasoned that people dislike 
choosing an option they have no or only little memory of, because they 
are uncertain about that option’s subjective value. Given this rationale, 
memory-based decisions share conceptual similarities with decisions 
under uncertainty. The latter are typically studied with lottery gambles 
and can entail both risk (when the probability of an outcome is known) 
and ambiguity (when the probability is unknown). As discussed in the 
introduction, economists and behavioral scientists have studied decision 
making under risk and ambiguity extensively (Oppenheimer and Kelso, 
2015) and have identified many puzzling behavioral effects. One of 
these effects is the reflection effect, the finding that people are less willing 
to accept uncertainty when facing potential gains compared to potential 
losses (Kahn and Sarin, 1988; Kahneman and Tversky, 1979; Tversky 
and Kahneman, 1981; Viscusi and Magat, 1992). Connecting memory- 
and uncertainty-based decisions, we thus predicted that the tendency to 
prefer better-remembered options (i.e., the memory bias) should be less 
pronounced in the loss as compared to the gain domain. In Weilbächer 
et al. (2020), we ran two preregistered experiments in which partici-
pants performed the remember-and-decide task in the gain as well as the 
loss domain. The two experiments differed in terms of stimulus material 
(positive and negative monetary values; appetitive and aversive pic-
tures). Confirming our prediction and thus the link between decisions 
from memory and decisions under uncertainty, we found that the 
memory bias was less pronounced in the loss domain compared to the 
gain domain. In other words, when facing potential gains, people stick to 
better-remembered options and avoid the risk of choosing what they do 
not recall well, but when it comes to potential losses, people take the risk 
and are more likely to choose the unknown. A potential explanation may 

be linked to the above-mentioned finding that the memory bias depends 
on hippocampal-vmPFC connectivity (Fig. 2D). Assuming that the hip-
pocampus biases valuation in vmPFC, this bias may be less relevant in 
the loss domain since the vmPFC seems to be less sensitive to negative 
values (Bartra et al., 2013). Another possibility is that regions known to 
mediate framing effects and uncertainty in value-based decisions such as 
the amygdala and the orbitofrontal cortex (De Martino et al., 2006; Hsu 
et al., 2005) modulate the connection between hippocampus and vmPFC 
to promote the memory bias. 

3.6. Decision processes underlying the memory bias 

In the previous sections, we demonstrated that the memory bias is a 
robust empirical finding, which generalizes over several stimulus do-
mains and can at least partially be attributed to subjective beliefs about 
memory strength as well as to uncertainty-related preferences. While 
these factors outline potential reasons for the occurrence of the memory 
bias, the computational mechanisms which give rise to this phenomenon 
remain unknown. For instance, it is conceivable that people exhibit the 
memory bias because they may rely on a heuristic choice process that 
favors choosing remembered options (note that the underlying cognitive 
process, such as a memory-dependent heuristic, is not to be confused 
with the empirical phenomenon of the memory bias itself). Analogous to 
the recognition heuristic, according to which people make judgements 
simply based on whether they recognize an option or not (Goldstein and 
Gigerenzer, 2002), participants in our studies may sometimes have 
decided simply based on whether they have remembered an option or 
not. In the section on subjective beliefs (see above), we argued that a 
heuristic process alone cannot explain the memory bias, because people 
rejected remembered options with very low values. However, heuristic 
processes have been suggested to be used adaptively from a wider 
repertoire of decision processes (Marewski and Link, 2014; Pachur, 
2011). From a perspective of dual-process theories, people may thus 
alternate between fast and erroneous heuristic decisions and slower but 
more accurate decision processes that entail higher cognitive effort 
(Alós-Ferrer, 2018; Evans, 2008; Kahneman, 2011). In terms of 
memory-based choices, people may resort sometimes to a 
recognition-like heuristic and at other times to a utility-maximizing but 
cognitively costly process. Such a dual-process account would result in a 
general tendency to choose remembered options while giving the flex-
ibility to reject very low-valued options. 

In contrast to dual-process theories, Gluth et al. (2015) suggested 
that a single choice mechanism is sufficient to explain the memory bias. 
According to this single-process account, people accumulate preference 
by comparing the subjective value of the remembered option with a 
reference value, which acts as a replacement of the unavailable value of 
the not-remembered option. This reference value is biased so that par-
ticipants tend to prefer remembered options. In Kraemer et al. (2020), 
we tested whether this single-process model or a dual-process account 
that alternates between a heuristic and a utility mechanism explains the 
memory bias best. The challenge here was that both, single- and 
dual-process accounts predicted a choice pattern which resembled the 
behavior of the memory bias. Yet, we were able to show that the two 
accounts differ with respect to their response time (RT) predictions. 
Resorting to the data by Mechera-Ostrovsky and Gluth (2018), we 
adopted hierarchical Bayesian modeling techniques (M. D. Lee and 
Wagenmakers, 2013) to compare the two accounts. Qualitative as well 
as quantitative model comparisons provided strong support for the 
single-process account, as it was more in line with the RT predictions. 
Thus, we conclude that the memory-bias depends on a single biased 
evaluation process rather than an alternation between heuristic and 
utility-maximizing strategies. 

As a summary of the current state of knowledge and the open 
questions surrounding the memory bias, Fig. 3 provides a schematic 
overview of what we currently know and still do not know about the 
neural and cognitive mechanisms underlying this influence of memory 
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on value-based decisions. 

4. Perspectives 

In the previous sections, we have argued that valuation processes 
often depend on episodic memory which is consequential for value- 
based decision making. This relation becomes particularly critical 
when memory processes fail. In such cases, the neural and cognitive 
systems adapt to allow us to make informed decisions that are biased 
towards better-memorized options due to meta-cognitive beliefs and 
uncertainty aversion. In this concluding chapter, we outline future 
important research endeavors of memory-based decision making more 
generally. 

4.1. Neural basis of the influence of beliefs and uncertainty 

As discussed above and depicted in Fig. 3, the neural basis of the 
memory bias’ modulation by meta-cognitive beliefs about value, mem-
ory, and uncertainty aversion remains to be discovered. In our view, a 
plausible assumption is that regions that are known to be involved in 
meta-cognitive assessments (e.g., rostrolateral prefrontal cortex, rlPFC; 
De Martino et al., 2013; Fleming et al., 2012) on the one hand and de-
cisions under uncertainty (e.g., amygdala and orbitofrontal cortex, OFC; 
De Martino et al., 2006; Hsu et al., 2005) on the other hand modulate 
memory bias by acting on the choice-related processes in the vmPFC 
directly or by affecting the connectivity between hippocampus and 
vmPFC that we have linked to the memory bias (Gluth et al., 2015). 

Concerning meta-cognitive beliefs, the rlPFC has been linked to the 
ability to make meta-cognitive judgments about one’s own performance 
(Fleming et al., 2010). Further, De Martino et al. (2013) have reported 
an increased functional connectivity between this region and the vmPFC 
when decisions were made with high confidence. Thus, believing in a 
strong relationship between subjective value and memory strength 
could enhance a decision-maker’s confidence when choosing 
well-remembered options. This may be reflected in increased activity in 
rlPFC but also in a stronger influence of this region’s activity on the 
choice dynamics of vmPFC. 

Regarding uncertainty, activity in the amygdala appears to be higher 
when decisions are in alignment with the above-discussed reflection 
effect (i.e., choosing safe options in the gain domain but risky options in 
the loss domain). At the same time, activity in OFC scales with the ability 
to overcome this tendency (De Martino et al., 2006). Thus, a tentative 
hypothesis could be that these regions exert different influences on the 
hippocampus-vmPFC connectivity, which mediates the memory bias. 
The amygdala may strengthen the hippocampus-vmPFC connectivity for 
decisions in the gain domain but weaken it for decisions in the loss 
domain. On the other hand, the OFC may weaken the relationship be-
tween the hippocampus-vmPFC connectivity and the behavioral phe-
nomenon of the memory bias in general, leading to more rational 
decisions (in a strictly economic understanding of rationality). These 

hypotheses could be investigated with neuroimaging studies that make 
use of Dynamic Causal Modeling (Friston et al., 2003), which allows 
testing whether a third region’s activity modulates the connectivity 
between two other regions. 

Additionally, it has been shown that reward-related brain regions 
such as the ventral striatum are more activated in the case of successful 
and highly confident memory retrieval (Clos et al., 2015; Schwarze 
et al., 2013) and when identifying previously seen items as “old” in 
recognition tasks compared to identifying novel items as “new” (Han 
et al., 2010). This has been interpreted as reflecting the pleasure of being 
able to retrieve information accurately. Hence, it is tempting to specu-
late that the joy of retrieving an option is mingled with the estimation of 
that option’s subjective value, which should promote the memory bias. 
Similarly, higher confidence and associated joy in remembering snacks 
may activate the brain’s reward system, and these reward signals could 
be mingled with the option’s subjective value representation. As a result, 
the brain may overestimate the subjective value of well-remembered 
options, resulting in the memory bias phenomenon. 

4.2. Sequential sampling modeling of choices from memory 

Memory-based decision-making is a challenging topic to study 
because it involves understanding several cognitive processes (i.e., 
memory and decision formation). Moreover, cognitive processes are 
latent variables that cannot be observed directly but must be inferred 
from behavior and brain function. To study these processes, mathe-
matical and computational models of cognition are useful tools (Farrell 
and Lewandowsky, 2018). In neuroeconomics, the sequential sampling 
framework appears to become the dominant paradigm to model 
value-based decision making and economic choice (Clithero, 2018; Fehr 
and Rangel, 2011). As briefly mentioned above, the core idea of this 
framework is that decisions arise from a noisy process of sampling or 
accumulating pieces of evidence in a sequential manner, which is 
terminated as soon as the desired level of evidence or confidence about 
the most appropriate choice option has been collected. In several of our 
own studies (Gluth et al., 2015; Kraemer et al., 2020; Weilbächer et al., 
2021), we adopted the sequential sampling framework to gain valuable 
insights into the underlying cognitive and neural processes of 
memory-based decisions. For example, we have learned that the mem-
ory bias arises from a single comparison process that is biased towards 
more vividly remembered options rather than from a mixture of two 
separate choice strategies (Kraemer et al., 2020). Similarly, by modeling 
the dynamics of memory-based decisions with an attention-based 
sequential sampling model (Thomas et al., 2019), we provided evi-
dence that the influence of attention is enhanced when decisions require 
memory retrieval (Weilbächer et al., 2021). We argue that adopting this 
framework will remain critical for future research that seeks to close the 
gap between memory and decision making even further. 

One reason for our view is that the framework is compatible with 
dominant psychological theories of memory-based decision making. 

Fig. 3. The knowns and unknowns of the 
neural and cognitive mechanisms underlying 
the memory bias. Cognitively, the memory 
bias arises from a (biased) comparison pro-
cess between the value of the memorized 
option (VM) and and a reference value (VR) 
that replaces the value of the not- 
remembered option. We have shown that 
the phenomenon is related to an increased 
hippocampus-to-vmPFC connectivity, and 
that uncertainty and beliefs about memory 
contribute to it. What is currently unknown, 
however, are the neural mechanism under-
ling these influences of uncertainty and 
beliefs.   
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Although some scholars have proposed relatively simple decision rules 
which depend on recognition (Gigerenzer and Gaissmaier, 2011), the 
information processing paradigm is gaining more and more traction in 
psychology and neuroscience (Oppenheimer and Kelso, 2015). This 
paradigm suggests that decision-making draws on fundamental pro-
cesses of memory, attention, and perception. Decision-relevant infor-
mation is retrieved (sampled) from an internal representation of the 
choice options and used to generate a decision outcome. Notably, 
prominent approaches like Query theory (Johnson et al., 2007) and 
Decision by Sampling (Stewart et al., 2006) implement this sampling 
idea, where informative samples drive the decision process towards an 
eventual decision. Hence, the link to the sequential sampling framework 
is obvious, and adopting it will be critical to advance the field as it offers 
a robust mathematical foundation. 

Importantly, sequential sampling models are theoretically closely 
related to action selection processes (Cisek, 2012; Shadlen and Kiani, 
2013) and have been related to neural processes in related brain regions 
such as the frontal eye fields, the pre-supplementary motor area and the 
posterior parietal cortex in monkeys (Cisek and Kalaska, 2010; Gold and 
Shadlen, 2007) and human homologues (Gluth et al., 2012, 2013; Hare 
et al., 2011; Pisauro et al., 2017). Nevertheless, how does value-based 
evidence accumulation depend on memory processes? While brain im-
aging studies identified vmPFC and hippocampus as key regions in 
memory-based decisions (Bakkour et al., 2019; Gluth et al., 2015; 
Shadlen and Shohamy, 2016), a mechanistic understanding of how in-
formation is integrated from memory requires a more nuanced investi-
gation, including real-time observations of how decision processes 
unfold. Future research may combine sequential sampling models with 
neuroscientific methods that offer a high temporal resolution such as 
electro- and magnetoencephalography (EEG/MEG) to identify the rela-
tive components of memory retrieval and action selection, allowing a 
thorough investigation of the underlying cognitive and neural processes. 

4.3. Memory representation 

Up until now, most research has been focused on how decision 
making is affected by memory processes. Thereby, the clear focus of this 
research line has been on decision processes, studying how deliberation 
or valuation works. To understand, however, how memory and decision 
making interact, we need a better understanding of the involved mem-
ory processes. This applies not only to encoding and retrieval processes 
but also to the representation of information in memory, or memory 
structure (Kahana, 2020). With regard to this question of memory rep-
resentation, we see two trends gaining more attention in the field of 
decision making. First, from a connectionist perspective, decision 
making can be modeled as activation in a neural network with a decision 
scenario as input and a response as output (Bhatia, 2013; Hunt and 
Hayden, 2017; Suri et al., 2020). In such a network, memory can be 
conceptualized as hidden units that have a relatively stable effect on 
action generating units. While this perspective delivers a memory 
structure, it does not model a retrieval process with retrieval dynamics. 
This account holds that value does not need to be represented explicitly 
but emerges from the activation of the network structure (Yoo and 
Hayden, 2018). 

Another account of memory-based decisions comes from research 
that uses semantic memory representations such as semantic networks 
(Siew et al., 2019) or high-dimensional vector spaces (Bhatia et al., 
2019). In these accounts, retrieval processes draw on these memory 
structures and use their information to generate actions. Zhao et al. 
(2021) and Kraemer et al. (2021) followed this line, demonstrating their 
applicability to different decision contexts. However, more research in 
this direction is needed to understand the implications for valuation 
processes. 

4.4. Constructing value from memory 

While episodic memory often focuses on the retrospective nature of 
memory, prospective aspects and their potential role in decision-making 
gained more traction recently (Biderman et al., 2020). It is important to 
note that the hippocampus and adjacent medial temporal lobe structures 
do not only enable us to retrieve past episodes, but they also allow us to 
use such episodes (or parts of them) to construct and envision future 
states of the world flexibly. In particular, the hippocampus has been 
shown to be involved in associative value learning (Gerraty et al., 2014; 
Wimmer and Shohamy, 2012), constructing novel representations of 
value (Barron et al., 2013) and deliberation during value-based de-
cisions (Bakkour et al., 2019; Bornstein and Daw, 2013). 

Importantly, value-based decision making itself has been described 
as a constructive process (e.g., Lichtenstein and Slovic, 2006). Choice 
behavior of humans (and other animals) appears to be highly dependent 
on the context in general and on the available choice set in particular 
(Busemeyer et al., 2019; Spektor et al., 2021). These findings contradict 
the idea that people have stable preferences which they need to retrieve 
in a given choice context. Thus, the neuroeconomic view of decision 
making as a two-stage process of valuation and action selection is 
challenged. Instead models that assume preferences to be constructed on 
the fly so that another, currently available alternative can influence the 
estimation of an option’s value, appear to provide a more complete 
account of the cognitive process of decision making. At first glance, one 
could think that the rejection of a simple value-retrieval mechanism may 
speak against an essential role of memory in decision making. In our 
view, however, the above-mentioned ability of the brain’s memory 
system to recombine past events for creating future prospects of the 
world suggests that memory-based processes are also involved in the 
context-depended formation of preferences. Thus, once more, memory 
and decision-making processes seem to be intertwined and should be 
investigated jointly in the future. 
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Response timemodels separate single- and dual-process accounts
of memory-based decisions
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Abstract
Human decisions often deviate from economic rationality and are influenced by cognitive biases. One such bias is the
memory bias according to which people prefer choice options they have a better memory of—even when the options’
utilities are comparatively low. Although this phenomenon is well supported empirically, its cognitive foundation remains
elusive. Here we test two conceivable computational accounts of the memory bias against each other. On the one hand, a
single-process account explains the memory bias by assuming a single biased evidence-accumulation process in favor of
remembered options. On the contrary, a dual-process account posits that some decisions are driven by a purely memory-
driven process and others by a utility-maximizing one. We show that both accounts are indistinguishable based on choices
alone as they make similar predictions with respect to the memory bias. However, they make qualitatively different
predictions about response times. We tested the qualitative and quantitative predictions of both accounts on behavioral data
from a memory-based decision-making task. Our results show that a single-process account provides a better account of the
data, both qualitatively and quantitatively. In addition to deepening our understanding of memory-based decision-making,
our study provides an example of how to rigorously compare single- versus dual-process models using empirical data and
hierarchical Bayesian parameter estimation methods.

Keywords Judgment · Decision making

Introduction

Many decisions in our daily lives, such as where to go
on holiday or what to buy in a grocery store, rely on
information from memory. Although the role of memory
processes in judgements and decision-making has been
neglected for a long time, researchers have recently put
more emphasis on the relation of these two domains
(Shadlen & Shohamy, 2016; Weilbächer & Gluth, 2017).
For example, recent studies focused on how memory, by
playing a role in the evaluation process, can contribute
to violations of standard economic theories of decision-
making (Weber & Johnson, 2006).
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Gluth et al. (2015) showed one of such violations
in a decision-making task in which the subjective value
(utility) of the options had to be recalled from memory. In
this paradigm, individuals first learn to associate different
snacks with specific locations. Afterward, they choose
between two locations and therefore need to remember to
which snacks the two locations were associated with (see
Fig. 1). The authors reported that participants tended to
prefer remembered snacks over forgotten snacks, even when
the subjective value of the former was lower than average
(and thus more likely to be lower than the forgotten option’s
subjective value). The authors referred to this effect as the
memory bias. Using functional magnetic resonance imaging
(fMRI), Gluth et al. (2015) further showed that this tendency
was mediated by an increased effective connectivity from
the hippocampus to the ventromedial prefrontal cortex.
Since these areas are typically associated with memory
and value-based decisions, respectively, the fMRI results
supported the idea that memory processes exert a biasing
influence on valuation and choice processes. Follow-up
studies replicated the memory bias and found that it was
partly driven by beliefs about the dependency of memory
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Fig. 1 Experiment on memory-based decision-making. During task 1, participants rated their subjective value for all snacks. Task 2 was the
remember-and-decide task which comprised four phases: encoding, distraction, decision and recall. Here, we show one example trial per phase.
During encoding, participants associated snacks with individual locations. The distraction phase contained a 2-back task with integers. In the
decision phase, they retrieved snack-location associations from memory and made preferential choices between snacks. During recall, participants
indicated which snack they associated with each location. Note that this is a simplified depiction of the experiment. For a full overview, see
Mechera-Ostrovsky and Gluth (2018)

strength on utility (Mechera-Ostrovsky & Gluth, 2018), and
that it exhibited typical characteristics of decisions under
uncertainty (Weilbächer et al., in press).

Gluth et al. (2015) proposed a computational model that
assumes people to choose between a remembered and a
forgotten option by comparing the remembered option’s
value against a reference value. If this reference value is
below the average snack value, the model predicts that
people are more likely to choose remembered options,
leading to the memory bias. Critically, this account assumes
that all decisions between a remembered and a forgotten
option result from the very same comparison-against-
reference-value process. Therefore, it is a single-process
account of the memory bias. Gluth et al. (2015)’s account
of the memory bias is thus in stark contrast to dual-process
theories (Kahneman & Frederick, 2002; Evans, 2008).
Dual-process models assume that decisions are driven by
two independent processes (so-called “type 1” and “type 2”
processes) (Evans & Stanovich, 2013). Type 1 processes are

described as intuitive processes that lead to relatively fast,
automatic, and uncontrollable choices. Type 2 processes, on
the other hand, are controlled, deliberate processes that lead
to slower responses that are closer to normative predictions.
Type 2 processes are thus viewed as rational processes (but
see Oaksford & Hall, 2016). Such a dual-process account
explains the memory bias as follows: In some cases, people
make a decision based on a type 1 process which leads
them to choose the option they remember better–intuitively
and independently of its subjective value. In other cases,
they make a decision based on a type 2 process. The
type 2 process implements an unbiased choice, based on
a cognitively demanding decision process that takes the
subjective value of the remembered option into account in a
rational (i.e., utility-maximizing) way.

As we will show, both single- and dual-process accounts
can produce the memory bias on choice. Thus, we face a
model-selection problem: Two models can account for the
same behavioral phenomenon, but the assumed underlying
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cognitive processes are fundamentally different. To find
out which model is more suitable to explain the memory
bias, we consider an additional data dimension, namely
response times (RTs). The consideration of RTs has a
rich tradition in psychological research, since they contain
information about the underlying cognitive processes (Luce,
1986). Additionally, RTs can aid model selection (Ballard &
McClure, 2019; Gluth & Meiran, 2019; Wilson & Collins,
2019). Critically, we will show that although the single-
and dual-process accounts can make similar predictions on
choice behavior, they differ with respect to RTs. Therefore,
considering both dimensions, choices and RTs, aids to
resolve the present model-selection problem.

Joint modeling of choices and RTs is often done
in the framework of sequential-sampling (or evidence-
accumulation) models (Bogacz et al., 2006). A popular
sequential-sampling model is the diffusion decision model
(DDM) (Ratcliff, 1978; Ratcliff & Rouder, 1998). In a
nutshell, the DDM describes a decision between two options
as an accumulation of noisy, relative evidence over time
(see also Fig. 2). Evidence, in the current task, represents
the information regarding an option’s subjective value that
is recalled from memory. The accumulation process ends
when the relative evidence for one or the other option
surpasses a certain threshold. At that point, the decision is
made. The accumulation process can also be biased towards
one of the two options already at the beginning of a trial.
The rate of evidence accumulation is referred to as the drift
rate of the decision process. The higher the drift rate towards
a specific option, the more often that option is chosen and
the faster the decision. On the other side, the threshold
controls how cautiously decisions are made. The higher the
threshold, the slower and more consistent the decisions are.

Over the years, the DDM has been applied successfully to
processes of memory retrieval and perceptual decision-making
(Ratcliff et al., 2016), but researchers also adapted it to value-
based decisions (for recent overviews see Busemeyer et al.,
(2019) and Clithero, 2018). Importantly, Gluth et al. (2015)

used the DDM as the basis of their single-process account
of memory-based decisions. Within their model,the memory
bias results from abiased reference value for forgotten
options, which influences the drift rate of the decision
process. In recent years, novel evidence-accumulation
models were developed to reflect ideas from dual-process
theories of decision-making (Diederich & Trueblood, 2018;
Alós-Ferrer, 2018). In particular, the dual-process diffusion
model by Alós-Ferrer provided a suitable account of a range
of phenomena from judgment and decision-making tasks.
The model assumes two independent decision processes:
a type 1-like heuristic process and a type 2-like utility-
maximizing process. Since both the single- and dual-process
accounts operate within the same framework (i.e., the
DDM), it is possible to rigorously evaluate which of the two
accounts better explains the memory bias.

In the present study, we first derived choice and RT predic-
tions of a single- and a dual-process DDM in the context of
memory-based decisions. Next, we compared the differ-
ent qualitative predictions of these models with the actual
RT data from a comparatively large sample of participants
who performed the remember-and-decide task (Mechera-
Ostrovsky & Gluth, 2018). Finally, we conducted a quan-
titative model comparison within a hierarchical Bayesian
parameter estimation framework. Both our qualitative and
quantitative comparisons lend consistent support for the
single-process account, thus strengthening our knowledge
of the computational cognitive basis of value-based deci-
sions from memory.

Methods

Participants

We analyzed data from a previously published study
(Mechera-Ostrovsky & Gluth, 2018). In total, 96 partici-
pants (67 female, mean age = 23.5, age range: [19, 35]) took

a b

Fig. 2 Diffusion decision models. a Diffusion process of the single-
process account. Evidence for an option accumulates over time with
a rate of νSPDM until the threshold (boundary) for one choice
option (remembered or forgotten) is reached. The boundary separation

depends on the parameter a, and Ter depicts the non-decision time. b
The dual-process account assumes two diffusion processes with differ-
ent drift rates (νUtility and νHeuristic). A Bernoulli trial based on the
parameter � selects either the utility or the heuristic diffusion process
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part in that study. Due to early termination and age restric-
tions, the data from six participants were not analyzed. The
participants were students who took part in the study for
course credits. The procedure was approved by the ethics
committee of the University of Basel and all participants
gave written informed consent.

Procedures

The full experimental procedure is described in Mechera-
Ostrovsky and Gluth (2018). Here, we summarize the
procedures relevant to the present research question.
Participants were required to fast for four hours before the
experiment started. They familiarized themselves with a set
of 48 snacks. For each snack, they learned intuitive three-
letter abbreviations (e.g., “sni” for “Snickers”) until they
reached 100% accuracy. Participants’ subjective valuation
of each snack was assessed on a continuous rating scale
(Fig. 1). This evaluation was incentivized by selecting two
snacks randomly at the end of the experiment and giving the
higher-rated snack to the participant to eat.
After eliciting subjective valuations, participants faced the
remember-and-decide task which consisted of the four
periods encoding, distraction, decision, and recall (in that
order). During encoding, participants saw empty squares
at six different locations on the screen. One after another,
each location was highlighted, and a snack image appeared
in the respective square. Participants had to associate and
remember which snack was located in which square. During
the distraction period, participants performed a 2-back
working memory task that prevented them from rehearsing
the information obtained in the encoding phase. During the
decision period, the six squares were presented again and, in
each trial, two squares were highlighted. Participants picked
one of the two snacks hidden behind the empty squares.
Since the snack identity was not visually accessible, they
had to retrieve it from memory to make an informed choice.
During recall, the snack-location associations were probed
to assess memory strength for each snack location.

Data preprocessing

First, we excluded trials that were unlikely to originate
from a deliberate process: In particular, we excluded trials
in which no choice was made (2.0%) and in which RTs
were lower than 200 ms (1.4%). We then excluded trials
that do not help to discriminate between single- and dual-
process accounts: In particular, both accounts make the
same predictions for behavior in trials in which both options
are remembered or both options are forgotten. Therefore,
we restricted our analyses to trials where one snack was
remembered and the other was forgotten. This resulted in a
total of 8031 trials (on average 89.2 trials per participant,

SD = 15.80, range: [39, 118]). See Appendix A1 for more
information on the trial types and Appendix B3 for analyses
including all trial types.

Cognitivemodels

The diffusion decision model

In its original form, the DDM predicts choices and
RTs using four parameters (Ratcliff, 1978). First, the
boundary separation a determines the (relative) amount
of evidence required to terminate the deliberation process.
This parameter is responsible for speed–accuracy tradeoffs.
Second, the starting-point bias z determines the amount
of relative evidence at the beginning of the deliberation
process. This parameter reflects prior information or a
bias in favor of one of the options. Third, the drift
rate ν determines the speed of evidence accumulation.
In value-based decision-making, the drift rate is often
directly proportional to the value difference between the
two available options (e.g., Krajbich et al., 2010). The
stronger the value difference, the higher the drift rate,
making choices both faster and more frequently in favor
of the option the drift rate is directed to. Analogously,
small differences of values imply a low drift rate and thus
higher RTs and less frequent choices in the direction of the
drift rate. Finally, the non-decision time Ter absorbs every
process that is not part of the deliberation process, such as
the time it takes to execute the button press or to visually
encode the stimuli.

Single-process account

According to Gluth et al. (2015)’s model of the memory
bias, participants compare the subjective value of the
remembered snack with a reference value. Thus, the drift
rate depends on a comparison process such that

νSPDM = Vrem − γ, (1)

where νSPDM is the drift rate, Vrem is the subjective value of
the remembered option and γ is the reference value. Here,
a single evaluation process gives rise to the memory bias in
every trial. This is why we refer to the model as a single-
process diffusion model (SPDM). An example of a diffusion
process is depicted in Fig. 2a.
Importantly, Gluth et al. (2015) argued that—assuming that
memory strength is independent of value—this reference
value should be unbiased (i.e., equal to the mean of all
options) in order to maximize utility. When estimating it as
a free parameter, however, the reference value was found
to be biased such that remembered options appeared to be
more valuable, even if they were comparatively unattractive.
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Dual-process account

To model the dual-process account, we adopted the
dual-process diffusion model (DPDM) by Alós-Ferrer
(2018). The DPDM assumes that people vary between
two types of choice strategies across trials (see Fig. 2b).
In some trials, people use a utility process which
captures “computational-normative aspects of decision-
making” (p. 203). In other trials, a heuristic process favors
“intuitive-affective attributes” (ibid) of a choice option
with a relatively high drift rate, leading to fast and more
consistent responses. The selection of a process in a given
trial is supposedly governed by the central executive. It
selects the utility process with the probability � and the
heuristic process with 1− �. The drift rate of the DPDM in
a given trial is given by

νDPDM =
{

νUtility, if k = 1

νHeuristic, if k = 0
(2)

where k is the outcome of a Bernoulli trial B(�).
In the context of memory-based decisions in the

remember-and-decide task, we propose that νUtility reflects
the utility-maximizing process in which Vrem is compared
to the (unbiased) average snack value of all possible snacks
Vavg . Thus, the cognitively demanding utility process tends
to select the option with the higher subjective utility without
a bias towards the remembered option. If individuals do not
follow the utility-maximizing process, they rely on a simple
decision rule to make a choice. In the context of memory-
based decisions, they can use recognition as a cue for value,
much in line with the recognition heuristic in judgment tasks
(Goldstein & Gigerenzer, 2002) (see also Discussion). In
the diffusion-model framework, νHeuristic reflects the drift
rate of the heuristic process that favors the choice of a snack,
because it can be recalled correctly. Importantly, νHeuristic

is independent of the snack’s subjective value.

Qualitative predictions

The SPDM and DPDM can make very similar predictions
regarding choices, but they differ significantly with respect
to their predictions of RTs.

Previous research (e.g., Bogacz et al., 2006) showed
that, in a simplified version of the DDM (i.e., without the
starting-point bias and without across-trial variability in any
of the parameters), choices of option A over B are related to
the DDM parameters as

P(choose A|ν, a, σ ) = 1 − 1

1 + e
2νa

σ2

, (3)

where ν is the drift rate, a is the boundary separation, and σ

is the noise of the drift process. If ν → ∞, participants are
more likely to select option A and, conversely, if ν → −∞,

participants are more likely to choose option B. If ν = 0,
participants are indifferent between A and B.

The expected RTs under the DDM are given by

RT = Ter + DT,

DT (ν, a, σ ) = a

ν
tanh (

νa

σ 2
), (4)

where Ter is the non-decision time and DT is the mean
decision time as a function of the diffusion parameters
(Bogacz et al., 2006). The DDM typically predicts an
inverted U-shaped curve of the average RTs as a function
of the drift: The expected RTs are slow when the speed of
evidence accumulation is low (ν = 0) and fast when the
speed of evidence accumulation is high (ν → ±∞).

In the SPDM, the drift rate depends on Vrem and on
the reference value γ (see Eq. 1), such that ν = 0 when
Vrem = γ . Accordingly, the SPDM assumes participants
to be indifferent between choice options whenever Vrem =
γ . This is reflected in a sigmoidal choice-probability
curve with its indifference point at a negative Vrem value
(Fig. 3b, green, continuous line). Such a curve was shown
to reflect the memory bias (Gluth et al., 2015) and
was found in the choice data used in the present study
(see Mechera-Ostrovsky & Gluth, 2018). Furthermore, the
SPDM assumes that the RTs follow an inverted U-shape
with its peak at a negative Vrem value (Fig. 3d, green,
continuous line).

The DPDM assumes two drift rates of two independent
diffusion processes, only one of which is selected in a given
trial. On utility trials, individuals use a utility-maximizing
strategy so that νUtility = Vrem−Vavg , leading to νUtility =
0 when Vrem = Vavg . This is illustrated in Fig. 3a (blue,
dashed line), where the sigmoidal choice curve of the utility
process has its indifference point at a Vrem = 0, which
corresponds to the average value of all snacks. Accordingly,
the RT curve follows an inverted U-shape with its maximum
at Vrem = Vavg (Fig. 3c, blue, dashed line). In heuristic
trials, the heuristic process accumulates evidence in favor of
the remembered option, independently of its actual value.
Since νHeuristic is independent of Vrem, the choices and RTs
are also independent of Vrem (Fig. 3a/c, red, dotted lines).
The full predictions of the DPDM (Fig. 3b/d, purple, dash-
dotted lines) will be a mixture of the predictions of its two
sub-processes, depending on the mixture parameter �.

Crucially, the DPDM is virtually indistinguishable from
the SPDM on the level of choices alone: The choice curves
are shifted to the left, such that its indifference point is at a
negative Vrem value. However, since the expected RT curve
of the heuristic process is independent of Vrem, the peak of
the RT curve across all trials only depends on the utility
process. Therefore, the RT curve of the DPDM follows an
inverted U-shape with its peak expected RT at Vrem = Vavg

(for a mathematical proof, see Appendix A2). In sum, while
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a b

c d

Fig. 3 Qualitative predictions. a Expected choice curves of the utility process (blue, dashed) and the heuristic process (red, dotted) as a function
of the value of the remembered snack Vrem. b The weighted average of the two curves in A results in the expected choice curve of the DPDM
(purple, dashed-dotted), which is depicted along with the expected curve for the SPDM (cyan, solid). c Expected RT curves for the utility and
heuristic process. d Expected RT curves for the SPDM and DPDM

the SPDM and the DPDM cannot be distinguished based on
the choice patterns, they can be distinguished based on their
different predictions of RTs.

Testing qualitative predictions

As outlined in the previous section, single- and dual-process
accounts predict different RTs patterns. More specifically,
the DPDM assumes that the RT curve peaks at Vrem = Vavg ,
whereas the SPDM peaks at Vrem = γ , where γ < Vavg .
To test which of these assumptions is supported by the data,
we fitted a quadratic function to the RT data:

RT (Vrem) = β0 + β1 × (Vrem + β2)
2 (5)

This regression model describes a quadratic function with
intercept β0 and slope β1. The term (Vrem + β2)

2 shifts the
maximumRT along the x-axis. If β2 equals zero, the curve is
symmetrical around Vavg which matches the RT predictions

of the DPDM. If β2 is larger than 0, the RT curve is shifted
to the left, in line with the SPDM.

To estimate the β2 parameter, we fitted a hierarchical
Bayesian regression model to the log-transformed and z-
standardized RTs. RTs of every trial were predicted using
Vremt , individual β parameters, and Gaussian noise. The
individual-level β parameters (denoted by subscript s) were
drawn from group-level normal distributions:

β0,s ∼ N (μβ0 , σβ0),

β1,s ∼ N (μβ1 , σβ1),

β2,s ∼ N (μβ2 , σβ2). (6)

At the group-level, all prior distributions were standard
normal (for the μ parameters) and standard half-normal (for
the σ parameters) distributions.

We leveraged the fact that, in case of the qualitative RT
model, the DPDM’s prediction is nested within the SPDM’s
prediction with the restriction μβ2 = 0. We applied a
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Gaussian kernel density estimation (with a bandwidth of
.1) to the posterior samples of μβ2 and obtained a Bayes
factor using the Savage–Dickey density ratio test (e.g., Lee
& Wagenmakers, 2013).

Importantly, the SPDM does not only predict a shift to
the left in both the choice and the RT curves (see Fig. 3b and
d), but it also assumes that these shifts arise from the same
process. Therefore, these two shifts of choice and RT curves
should be related to each other. To test this relationship,
we quantified the memory bias on choice as the intercept
parameter of a hierarchical logistic regression model. When
this parameter is larger than 0, the choice curve shifts in
favor of the remembered option. Analogously, we interpret
the β2 parameter as memory bias on response times. To
assess whether participants who exhibit a larger memory
bias on choices also show a larger memory bias on RTs, we
performed a Bayesian correlation analysis on the individual-
level posterior medians of the intercept and β2s parameters.

Quantitativemodel comparison via hierarchical
Bayesianmodeling

In addition to comparing their qualitative predictions,
we performed a quantitative model comparison using a
hierarchical Bayesian approach. This comparison offers a
more precise evaluation of the validity of the assumed
cognitive processes. To the best of our knowledge, the
DPDM (Alós-Ferrer, 2018) has only been used to derive
qualitative predictions so far. Therefore, we consider our
model comparison as providing a principled way of gauging
the DPDM’s quantitative adequacy.

SPDM

In the SPDM, choice and RT data come from a diffusion
process that results in a Wiener distribution:

y ∼ Wiener(a, z, Ter , ν). (7)

In the hierarchical model, the subject-specific parameters
(denoted by subscript s) are drawn from normal group-
level distributions with respective group-level parameters μ

and σ (hyper priors are listed in Appendix B1). Boundary
separation as , starting point bias zs and non-decision time
Ters were estimated as

as ∼ eN (μa,σa),

zs ∼ �(N (μz, σz)),

Ters ∼ eN (μTer ,σTer ), (8)

where � denotes the cumulative distribution function of the
standard normal. The drift rate parameter ν varies from trial

to trial (subscript t) as follows:

νs,t = dSPDMs [Remrights,t × (Vrights,t − γs) − Remlef ts,t

×(Vlef ts,t − γs)],
dSPDMs ∼ eN (μdSPDM

,σdSPDM),

γs ∼ N (μγ , σγ ), (9)

where Remrights,t (Remlef ts,t ) are dummy variables, indi-
cating whether the right (left) snack was remembered, and
Vrights,t (Vlef ts,t ) indicating the subjective value of the right
(left) snack. dSPDMs is a free parameter which scales value
differences to the speed of evidence accumulation. γ was
the parameter which acts as reference value, indicating the
biased value comparison in the SPDM.

DPDM

The DPDM is a mixture model, where the choices and RTs
come from two different diffusion processes:

y ∼ � × Wiener(a, z, Ter , νUtility) + (1 − �)

×Wiener(a, z, Ter , νHeuristic),

�s ∼ �(N (μ�, σ�)). (10)

The mixing parameter � indicates the proportion of trials in
which the response was generated by the utility process.

While both processes share the same parameters a, z and
Ter , they differ with respect to their drift rates νUtility and
νHeuristic. νUtility is the same as in the SPDM but compares
Vrem to the average snack value (Vavgs ) instead of γ .

νUtilitys,t = dUtilitys [Remrights,t × (Vrights,t − Vavgs )

−Remlef ts,t × (Vlef ts,t − Vavgs )],
dUtilitys ∼ e

N (μdUtility
,σdUtility

). (11)

The drift rate of the heuristic process is a free parameter:

νHeuristics,t = dHeuristics [Remrights,t − Remlef ts,t ],
dHeuristics ∼ eN (μdHeuristic

,σdHeuristic . (12)

Note that the exponential transformation enforces a positive
drift rate in the direction of the remembered option.

Model fitting andmodel comparison

We estimated the parameters of both hierarchical models
with Stan (Stan-Development-Team, 2018) using a No-U-
Turn sampler (Hoffman & Gelman, 2014). Each model was
estimated with four chains of 10,000 iterations each (50%
of which were warm-up iterations that were discarded). To
ensure model convergence using the R̂ statistic (Gelman
& Rubin, 1992), we checked that R̂ <= 1.01 for all
parameters. We compared the penalized-for-complexity fit
of both models using the widely applicable information
criterion (WAIC; Watanabe, 2013).
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As all model comparison procedures are relative mea-
sures of fit (i.e., they can only assess the model performance
relative to other models), we generated posterior predictive
distributions for choice rates and RTs as a function of Vrem

to evaluate absolute model performance (i.e., the degree to
which they are able to capture quantitative and qualitative
patterns in the empirical data). To do so, we simulated 500
experiments using virtual agents who behaved according to
the model equations. Note that in the DPDM simulations,
each trial was either a heuristic or utility trial, determined
by the outcome of a Bernoulli trial with probability �s .
Each agent’s parameter vector was drawn randomly from
the posterior distribution obtained during model fitting. We
aggregated the choices and RTs across trials and participants
into 8 bins and calculated the respective 95% highest-
density interval (HDI; Kruschke, 2015). Using parameter-
and model-recovery analyses we confirmed that both mod-
els were able to recover data-generating parameters and
that the models make different predictions with respect to

behavior such that a data-generating model can be correctly
identified (see Appendix B2 for details).

Results

Qualitative results

Our first approach to compare a single- and a dual-process
account of memory-based decisions making was to evaluate
the qualitative predictions of the respective approaches by
fitting a regression model (5) to the RT data. As outlined
in the Method section, the single-process account predicts
that the RT curve follows an inverted U-shape (as a function
of value difference) with its peak at a negative value of
Vrem. This shift is quantified by the parameter μβ2 (see
Eq. 5). In line with this prediction, the posterior distribution
of μβ2 was positive and the 95% HDI excluded zero (M =
.62, 95% HDI: [.30,.98]). The individual-level means were

a b

c d

Fig. 4 Qualitative results. a Average RTs depending on Vrem in black. Error bars depict the empirical 95% CIs. The orange curve yields the
predicted RT curves from the RT Model, using the posterior mean. The dotted curves indicate the predicted RTs of a 95% highest density interval
of the posterior distributions. b Prior (grey) and posterior (orange) parameter distributions of μβ2. c Empirical choices (black) and the estimated
choice curve (orange). d Correlation of the individual estimates of memory bias on choice, and the memory bias on RT
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distributed around the posterior μβ2 with a σβ2 (M =
.49, 95% HDI: [.17,.86]). The RT model predicted the
empirical RT data very well (Fig. 4a). To directly compare
the predictions of the SPDM and the DPDM, we obtained
a Bayes factor using the Savage–Dickey density ratio that
tested whether μβ2 is different from 0. We obtained very
strong evidence in favor of the alternative hypothesis that
μβ2 is not 0, with a Bayes factor of 128.9, providing further
support for the SPDM model.

Because the single-process account predicts that the mem-
ory bias on RT and the memory bias on choice arise from
the same underlying process, we also fitted a hierarchical
logistic regression model to the individual choice data. The
group-level intercept indicated a shift of the choice curve in
line with the memory bias on choice (M = .35, 95% HDI:
[.25,.46]) and reproduces the non-Bayesian results reported
by Mechera-Ostrovsky and Gluth (2018). Figure 4c depicts
the predicted choice curve as a function of Vrem.

We correlated the medians of the participant level
intercept parameter distributions (which reflect the memory
bias on choice of each participant) with the β2s parameters
of the RT-model (which reflect the memory bias on RT).
As predicted, the individual intercepts from the regression
model correlated positively with the β2s estimates from the
RT-Model (r = .315, 95% HDI: [.12,.49], Fig. 4d). Thus,

Table 1 Group-level parameter estimates for the single- and dual-
process diffusion models.

Model Parameter M 95% HDI

SPDM μa 1.77 [1.68, 1.88]
σa 1.30 [1.25, 1.35]
μTer 0.29 [0.27, 0.32]
σTer 1.46 [1.38, 1.57]
μz 0.52 [0.51, 0.52]
σz 1.05 [1.03, 1.08]
μdSPDM

0.36 [0.31, 0.41]
σdSPDM

1.70 [1.51, 1.93]
μγ −0.54 [−0.70, −0.39]
σγ 1.82 [1.58, 2.10]

DPDM μa 1.82 [1.73, 1.93]
σa 1.31 [1.26, 1.36]
μTer 0.29 [0.26, 0.31]
σTer 1.48 [1.38, 1.57]
μz 0.52 [0.51, 0.52]
σz 1.06 [1.04, 1.09]
μdUtility

0.70 [0.55, 0.85]
σdUtility

1.54 [1.30, 1.86]
μdHeuristic

0.29 [0.17, 0.48]
σdHeuristic

3.03 [2.03, 4.62]
μ� 0.55 [0.44, 0.66]
σ� 1.84 [1.49, 2.32]

Note. M represents the posterior mean. The 95%-HDI depicts the
boundaries of the 95% highest-density interval. Note that these values
are transformed with respective transformation functions (see main
text)

the shift in the RT curve is associated with the shift in the
choice curve, suggesting a common underlying mechanism.

Quantitative results

In addition to the qualitative analysis, we compared the
SPDM and the DPDM on a quantitative level by a model
comparison within a hierarchical Bayesian framework.
Summary statistics of the posterior distributions of all
group-level parameters are provided in Table 1.

We relied on the WAIC for model comparison. The SPDM
had a lowerWAIC than the DPDM (17,394 vs. 17,468), with

a

b

Fig. 5 Posterior predictives. a shows the 95% HDI of the means
of simulated data sets, based on the estimated posterior parameter
distributions of the SPDM (cyan) and DPDM (purple). The black dots
indicate the empirical means. b shows the same for response times
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a difference in WAICs of 74.34 (SE = 24.74), resulting in
a strong standardized effect size of �WAIC

SE
= 3.01.

We performed posterior predictive checks to assess absolute
model performance. Both models are capable to produce a
shift in the choice curve (see Fig. 5a). However, whereas the
SPDM predicts most data points well (i.e., within the 95%
HDI), the empirical data often lie outside the 95% HDI of
the DPDM, particularly when Vrem is low. With respect to
RTs, this difference is even stronger (Fig. 5b). Specifically,
when Vrem was below average, the DPDM underestimated
the RTs. When it was above average, it overestimated them.
This result is in line with the notion that the DPDM is
unable to account for a shifted U-shaped RT curve, as it is
forced to predict a curve that is symmetrical around zero.
In contrast, the SPDM provides an accurate account of the
empirical RT curve. Taken together, both the relative and the
absolute model comparisons confirm the qualitative results
and provide additional support for a single- and against a
dual-process account of memory-based decisions.

Discussion

The present study compared a single- with a dual-process
account of memory-based decisions. The single-process
account assumes that memory affects the valuation of
options, such that better-remembered options are perceived
as more valuable. In contrast, the dual-process account
assumes that each decision is made by one of two processes,
where a rational process competes with a heuristic-based
process which ignores value and uses memory-strength
information only. While the single-process account was
already tested before (Gluth et al., 2015), the dual-process
account, implemented on the basis of the DPDM as
proposed by Alós-Ferrer (2018), has never been tested in the
current context. This study thus provides a first empirical
test of these opposing theories on memory-based decisions.
We found that both models can make similar predictions
with respect to choices but differ regarding their predictions
of RTs. Using previously published data from a memory-
based choice task (Mechera-Ostrovsky & Gluth, 2018), we
found consistent support for the single-process account in
both qualitative and quantitative analyses.

Our results bear strong analogies to a debate on the use of
the recognition heuristic in inference tasks. The recognition
heuristic states that people judge recognized items as being
more important / frequent / larger than unrecognized items
(Goldstein & Gigerenzer, 2002). Originally, the heuristic
was not conceptualized in the framework of dual-process
accounts. However, to account for the fact that people do
not always go with the recognized cue, it has been argued

that the heuristic is applied in some but not all trials (Pachur,
2011). Yet, this proposal was refuted by a recent study
that–similar to our approach–relied on RT data to dissociate
between the recognition heuristic and competing theories of
inferential judgements (Heck & Erdfelder, 2017).

Despite being very popular in judgment and decision-
making and other psychological disciplines (Evans, 2008),
dual-process theories often became a target of fundamental
criticism for conceptual issues but also for the lack of empir-
ical support (Keren & Schul, 2009; Kruglanski & Gigeren-
zer, 2011; Melnikoff & Bargh, 2018). One shortcoming
of many dual-process theories is their poor formalization
which impedes quantitative model comparison (Diederich
& Trueblood, 2018). This is especially true, when between-
trial dynamics which account for choice and RT differences
are ignored (Krajbich et al., 2015). In this study, we outlined
a principled way to test a dual-process against a single-
process account by means of quantitative and qualitative
model comparison. Our approach is based on a recently
developed formal model of a dual-process account (Alós-
Ferrer, 2018) with suitable assumptions for testing our
particular hypothesis. Apart from model comparison, esti-
mation of the model also offers a deeper understanding of
the underlying processes, such as the relative proportion of
the two presumed processes (e.g., �), or their within-trial
dynamics (e.g., drift rates). We believe the field of judg-
ment and decision-making is well advised to formalize the
proposed dual-process models and to test their empirical
content. This approach has the potential to move the debate
on dual-process models forward by adhering to empirical
findings and methodological rigor.

Within the dual-process framework, there are two types
of conceptualization which specify how the two processes
can be implemented (Evans, 2008). According to the
parallel-competitive structure, type 1 and type 2 processes
run in parallel and a potential conflict between them has
to be resolved to determine which process is applied
in a given decision. The DPDM of Alós-Ferrer (2018)
can be assigned to this group of models. The second
influential dual-process architecture comprises the default-
interventionist models. These models assume that a type
1 process is activated to generate an intuitive default
response but may be overcome by the reflective type 2
process. From a diffusion model perspective, such a process
could be reflected in a starting point bias in favor of the
intuitive option (e.g., Chen and Krajbich, 2018). Hence,
we also tested whether the assumption of a starting point
bias towards the remembered option could account for the
present data, but found that it cannot (see Appendix C1).
An alternative implementation of a default-interventionist
model was proposed by Diederich and Trueblood (2018),
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who investigated risky choices, drawing on prospect theory
(Kahneman & Tversky, 1979) and expected utility theory (
Neumann & Morgenstern, 1953). In our study, however, we
were interested in value-based decisions, which are directly
covered by the DPDM of Alós-Ferrer (2018) but not by
Diederich and Trueblood (2018).

The scientific process of model selection is based on
the principle of parsimony (Occam’s razor). According
to this principle, we should prefer hypotheses that can
account for a complex phenomenon drawing on a few
(rather than many) assumptions. In this study, we found
empirical support that a single decision process provides a
more parsimonious explanation of memory-based choices
compared to a dual-process account. This parsimony is
supported both by the Bayes factors and information criteria
analyses, established methods to compare models in terms
of fit and parsimony (Vandekerckhove et al., 2015). On a
more conceptual level, the single-process account could be
said to draw on fewer assumptions than the dual-process
account. On the one hand, the single-process account can
account for the data assuming a single comparison process,
between remembered option and a biased reference value.
On the other hand, the dual-process account assumes a
computationally demanding utility maximizing process, a
heuristic process depending on recognition of an item, and
a central executive which selects among these processes.

In sum, our results clearly indicate that a single decision
process in which the evaluation process is biased by
memory describes the memory bias better than a dual-
process account that assumed two independent processes
(i.e., a memory-heuristic and a utility process). We fit both
models in a hierarchical Bayesian modeling framework and
outlined a rigorous procedure to empirically test single- and
dual-process accounts of decision-making.
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Appendix

A1 Trial types

In the remember-and-decide task, there are three types of
trials, based on the number of snacks remembered (i.e.,
both remembered; both forgotten; one remembered, one
forgotten). For this study, only the last trial type was of
interest, as the memory bias (i.e., the tendency to prefer
remembered over forgotten options) can only be tested with
these kinds of trials. Table 2 summarizes the trial numbers
for each trial type.

A2 Analytical derivation of expectedmean response
times

In the main text, we illustrate the RT predictions of the
DPDM (and the SPDM) using simulations. Predictions for
the expected RT (and for the symmetry of the predicted RT
curve around 0; see Fig. 1) can also be derived analytically.
Here, we report these derivations.

The DPDM describes the expected RTs (eRT) as the
weighted sum of mean RTs of the heuristic and the utility
process. It can be described as

eRT�V = p(H) × p(R|H) × eRT (R|H) + p(H)

×[1 − p(R|H)] × eRT (F |H) + [1 − p(H)]
×p(R|U, �V, γ ) × eRT (R|U, �V, γ )

+[1 − p(H)] × [1 − p(R|U, �V, γ )]
×eRT (F |U, �V, γ ) (13)

where eRT�V is the expected RT for the value difference
�V , p(H) is the probability of the heuristic process,
p(R) [p(F)] is the probability of remembering [forgetting]
a snack, and eRT (R) [eRT (F )] is the mean RT for

Table 2 Numbers of different trial types

Trial type Total M SD Range

Both forgotten 5651 62.8 32.9 13-163

One remembered, one forgotten 8031 89.2 15.8 39-118

Both remembered 5468 60.8 30.0 7-142

Note. Total: Number of trials in the data set; M: mean trial number
per participant; SD: standard deviation; Range: range of trials between
participants

Psychon Bull Rev  (2021) 28:304–323314



Table 3 Prior distributions for group parameters.

Group parameter SPDM DPDM

μa N (0, 3) N (0, 3)

σa HN (0, 3) HN (0, 3)

μz N (0, 1) N (0, 1)

σz HN (0, 1) HN (0, 1)

μTer N (−1, 1) N (−1, 1)

σTer HN (0, 3) HN (0, 3)

μdSPDM
N (0, 3) −

σdSPDM
HN (0, 3) −

μγ N (0, 1) −
σγ HN (0, 3) −
μdUtility

− N (0, 3)

σdUtility
− HN (0, 2)

μdHeuristic
− N (0, 3)

σdHeuristic
− HN (0, 2)

μ� − N (0, 3)

σ� − HN (0, 3)

remembered [forgotten] snacks. The probability of a utility
process is 1 − p(H), the probability and mean RT of

remembered and forgotten choices in utility trials depend on
�V and the reference value γ which is equal to Vavg in the
DPDM.
Since we assume that the RTs come from a diffusion
process, such that eRT (chooseR) = eRT (chooseF ),
Eq. 13 can be simplified to

eRT�V = p(H) × eRT (R|H) + [1 − p(H)]
×eRT (R|U, �V, γ ). (14)

Because the utility process is the only one that depends on
Vrem and assumes the lowest drift rate when Vrem = Vavg ,
the predicted peak of the RT is at Vavg .
The same logic and equation can be applied to the SPDM
by setting p(H) to 0 and allowing the reference value γ

to be a free parameter. Then, the predicted peak RT in the
single-process account is at γ .

B1 Prior distributions of group parameters

In our hierarchical models, the individual model parameters
were all drawn from normal distributions at the group level.
Thus, for each model parameter, we estimated a group mean

Fig. 6 Correlations of group parameter posterior samples of the SPDM. Each cell shows the mean correlation coefficients (using Fisher’s
transformation) with the corresponding standard deviation in brackets
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and a group standard deviation, on top of the individual
parameters themselves. All group means were given a
weakly-informative normal prior, and all group standard
deviations were given a weakly-informative half-normal
prior. The prior distributions for the group-level parameters
are listed in Table 3.

B2 Parameter andmodel recovery analyses

Parameter recovery

We performed a parameter-recovery analysis for both
models. For each model, we chose the ten group-level
parameter estimates from the respective models’ posteriors
that had the highest log-likelihood. From these group-
level distributions, we drew 90 independent samples that
determined individual-level behavior of the artificial agents.
As inputs for the agents, we used the same inputs that
we used for model fitting. For the DPDM, each trial
was simulated to be either a heuristic or utility trial,
based on independent Bernoulli trials B(�s). We re-
fitted each of these generated datasets with the respective

models to assess the degree to which parameters could be
recovered.

Following an analysis approach implemented in
Fontanesi et al. (2019), we addressed three questions in
this analysis: 1) Do parameter values trade off during the
estimation procedure (i.e., to which degree do models suf-
fer from sloppiness)? 2) Are the models able to correctly
identify the group-level parameters? 3) Are the models able
to correctly identify the individual-level parameters?

To address question 1, we calculated Pearson correlation
coefficients between the posterior samples of all group
parameters of each of the ten fitted artificial data sets.
Subsequently, the ten correlation coefficients were Fisher-
transformed and subsequently averaged and their standard
distribution was calculated. Note that group parameters
were drawn independently from each other. Therefore,
there should be no correlation between the posterior
samples. Figure 6 shows the mean correlations between the
parameters. Overall, we only observed weak correlations
between μdSPDM and σdSPDM , and μdSPDM and μγ .
The DPDM suffered from stronger sloppiness, especially
between μdUtility

, μdHeuristic
and μ� (Fig. 7).

Fig. 7 Correlations of group parameter posterior samples of the DPDM. Each cell shows the mean correlation coefficients (using Fisher’s
transformation) with the corresponding standard deviation in brackets
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Fig. 8 Identifiability of the SPDM group parameters. Horizontal black lines indicate the generating parameter values for the ten simulations.
Vertical lines indicate the 95% HDI of the estimated parameter distributions

To address question 2, we calculated the 95% HDIs
of the posterior group-level parameter distributions. If the
parameters are identifiable, the 95% HDI of should include
the true data-generating parameter value (see also Spektor
and Kellen, 2018). We observed good identifiability of the
group-level parameters for both models (Figs. 8, 9, 10 and
11).

To address question 3, we correlated the true data-
generating parameters on the individual level with the
estimated means of the posterior distributions. For this
analysis, the means were transformed back to the space of
the group-level parameters. For both models, we observed
very good recovery of the a and Ter parameters. The
recoverability of z was lower but still fair which may be
due to the low explanatory power of this parameter. The
parameters which specified the drift rate were recovered
well for the SPDM, and fairly well for the DPDM. Overall,
we judge the recoverability to be good for the SPDM
and relatively good for the DPDM, and sufficient for both
models.

Model recovery

We performed a model-recovery analysis to assess whether
both models could in principle be identified as the winning
model, given that the data are generating by the respective
model. From the parameter recovery analysis, we used
the 20 simulated set of data of which ten were generated
by each of the models. We fitted both models to each
set of data separately and calculated the WAICs of the
fits. The critical test for the model recovery was whether
a model from which the data was generated wins the
comparison against the competing model on that data. In
other words, given the data were generated with the SPDM,
the WAIC of the SPDM should be lower than the WAIC
of the DPDM (and vice versa for the DPDM). The SPDM
outperformed the DPDM on data which was generated
under the SPDM (Fig. 12). The DPDM, on the other hand,
won the model comparison against the SPDM in all sets
of data that came from the DPDM, showing good model
recovery.
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Fig. 9 Identifiability of the DPDM group parameters. Horizontal black lines indicate the generating parameter values for the ten simulations.
Vertical lines indicate the 95% HDI of the estimated parameter distributions

B3 Analyses on all trial types

The main text focused on trials in which participants
remembered one option but forgot the other one. These are
the only trials in which the memory bias has an influence
on participants’ behavior. In trials in which both options
are remembered, the SPDM assumes a purely utility-driven
choice process (see Eq. 9) because the bias parameter γs

is cancelled out from the drift rate νs,t . When both options
are remembered, the DPDM would also solely rely on the
utility process, since the assumed recognition heuristic is
not applicable. In trials in which both options are forgotten,
the drift rate of both the SPDM and the DPDM equals zero
(again, the DPDM’s heuristic process is not applicable). In
sum, both models make the same predictions for trials in
which no option and both options are remembered.

Nonetheless, we fitted both models to data from all
three trial types to check whether our results would still
hold. Apart from including all trials, we followed the same
procedures as in the main text. The posterior parameter
distributions are summarized in Table 4. For the SPDM,

the parameters were similar to those reported in the main
text. On the other hand, the parameters affecting the
drift rate in the DPDM differed when fitting the model
to all trial types. mudUtility

was estimated to be lower,
mudHeuristic

was estimated to be higher, and � increased
substantially, indicating a higher proportion of utility
trials.

As in the main text, quantitative model comparison
favored the SPDM (WAIC = 44,465) over the DPDM
(WAIC = 44,645) with a difference in WAICs of 179.98 and
a standardized effect size of �WAIC

SE
= 5.97.

The posterior predictives yielded very similar predictions
for both models (see Fig. 13a–c). Notably, while both
models accounted relatively well for the “one remembered,
one forgotten” and “both remembered” trial types, they
made inaccurate predictions for the “both forgotten” trials.
This results from the drift rate being zero in the “both
forgotten” trials, which implies the prediction of slow RTs
and random choices. In contrast to these predictions, the
observed choices yielded a slight tendency to choose the
right option (explained by a starting point bias μz > .5) and
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Fig. 10 Identifiability of the SPDM individual level parameters, pooled over all ten simulations. The position on the X-axes indicate generating
parameter value, the Y-position show the estimated posterior mean. Values around the dashed grey identity line yield good recovery. The Pearson’s
correlation coefficients of generated and estimated parameters are indicated on the lower left for each parameter

the RTs were not slower than those of the other trial types.
We would argue that participants may have simply guessed,
when they knew that they could not remember either of the
two options.

In sum, both models can be fitted and account all trial
types apart from the “both forgotten” trials. In line with
the results reported in the main text, the SPDM provides a
better account of the data than the DPDM. Moreover, the
parameter estimates of the SPDM remain stable, whereas
those of the DPDM change substantially, reflecting the
robustness of the SPDM, and the rather low robustness of
the DPDM.

C1 Does a default-interventionist process explain
thememory bias?

Apart from the parallel-competitive dual-process account
of Alós-Ferrer (2018), it is conceivable that a default-
interventionist account could explain the memory bias. Such
an approach assumes that during each decision, rapid pre-
conscious processes either approve of the type 1 decision,
or intervene by initiating the rational type 2 process (Evans,
2008). From a diffusion model perspective, a default-
interventionist account resembles a biased starting point
z (Chen & Krajbich, 2018). More specifically, assuming
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Fig. 11 Identifiability of the DPDM individual level parameters, pooled over all ten simulations. The position on the X-axes indicate generating
parameter value, the Y-position show the estimated posterior mean. Values around the dashed grey identity line yield good recovery. The Pearson’s
correlation coefficients of generated and estimated parameters is indicated on the lower left for each parameter

that the default response would be implemented as a
starting-point bias, the diffusion process would be biased
so that the intuitive option would be selected quicker
and more often than the non-intuitive one. Technically,
this would still be a single-process account because the
default option cannot finalize the decision process (there is
some deliberation necessary), but its predictions resemble a
default-interventionist dual-process model (e.g., fast errors).

With respect to the remember-and-decide task, this
means that the starting point bias should favor the
remembered option. If a biased starting point provided a
better explanation for the memory bias, the memory bias
parameter should be affected when a model is estimated
with a free starting point which can favor the remembered
option.

To evaluate this, we fitted another diffusion model to
the data. We refer to this model as ”memory-bias-as-
starting-point-bias model”. In order to fit the starting-
point bias parameter, we reparameterized the DDM so that
the upper boundary would represent choices in favor of
the remembered option, and the lower boundary would
represent choices against it. Other than that, the model was
parameterized similarly to the SPDM (see Eq. 8)

νs,t = ds(Vrems,t − γs),

ds ∼ eN (μdSPDM
,σdSPDM),

γs ∼ N (μγ , σγ ), (15)

where Vrems,t is the value of the remembered option, ds is
the scale parameter and γs the memory bias parameter.
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Fig. 12 Model recovery. The plot shows the WAIC values for the parameter fits of the SPDM (cyan rectangles), and the DPDM (purple triangles)
for each simulated data set. The left panel shows the datasets generated from the SPDM, the right panel shows those from the DPDMx

Table 4 Group-level parameter estimates for the single- and dual-process diffusion models, considering all trial types

Model Parameter M 95% HDI

SPDM μa 1.80 [1.70, 1.90]
σa 1.28 [1.25, 1.34]
μTer 0.26 [0.24, 0.29]
σTer 1.51 [1.42, 1.62]
μz .52 [.51, .52]
σz 1.05 [1.03, 1.06]
μdSPDM

0.31 [0.27, 0.35]
σdSPDM

1.70 [1.52, 1.92]
μγ −0.62 [−0.79, −0.44]
σγ 1.97 [1.70, 2.34]

DPDM μa 1.80 [1.72, 1.90]
σa 1.28 [1.25, 1.34]
μTer 0.26 [0.24, 0.28]
σTer 1.51 [1.40, 1.60]
μz .52 [.51, .52]
σz 1.05 [1.04, 1.07]
μdUtility

0.32 [0.27, 0.36]
σdUtility

1.75 [1.57, 1.99]
μdHeuristic

1.00 [0.84, 1.16]
σdHeuristic

1.21 [1.00, 1.42]
μ� .93 [.84, .97]
σ� 3.60 [2.41, 5.70]

Note. M = posterior mean. HDI = highest-density interval. Note that these values are reported after applying their respective transformations (see
main text)
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a b c d

Fig. 13 Posterior simulations for all trial types. The black dots indi-
cate the empirical means for choices (upper panels) and response times
(lower panels). The colored areas indicate the 95% HDI of the means
of simulated data sets based on the estimated posterior parameter dis-
tributions of the SPDM (cyan) and DPDM (purple). a, b, and c indicate
the posterior simulations for “both forgotten”, “one remembered, one

forgotten”, and “both remembered” trials, respectively. Note that these
simulations depend on the value differences between the right and
the left snack items, and the choices indicate the mean proportions of
choices that favored the right option. d shows the posterior simula-
tions for “one remembered, one forgotten” trials as a function of Vrem

analogously to Fig. 5

Note that the starting point bias f (z) is scaled between
zero and one. A value of .5 yields that there is no starting
point bias. A value > .5 indicates that there was a bias in
favor of the remembered option, a value < .5 indicates that
the starting point bias was favoring the forgotten option.

After fitting the model, the posterior distributions
revealed that the starting point bias parameter f (μz) did

Table 5 Group parameter estimates of the memory-bias-as-starting-
point-bias model

Parameter M 95%-HDI

μa 1.77 [1.68, 1.88]

σa 1.30 [1.25, 1.35]

μTer 0.29 [0.27, 0.31]

σTer 1.46 [1.38, 1.57]

μz 0.49 [0.48, 0.50]

σz 1.05 [1.00, 1.08]

μdSPDM
0.36 [0.31, 0.41]

σdSPDM
1.70 [1.51, 1.93]

μγ −0.62 [−0.78, −0.45]

σγ 1.82 [1.58, 2.10]

Note. M represents the posterior mean. The 95%-HDI depicts the
boundaries of the 95% highest-density interval. Note that these values
are transformed with respective transformation functions (see main
text)

not bias decisions in favor of the remembered option (see
Table 5). From the posterior estimates it is evident that, if
anything, there was a small starting point bias in favor of the
forgotten option.

The model yielded a WAIC of 17,425 which was higher
than the WAIC of the SPDM.
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ABSTRACT

In neuroeconomics, there is much interest in understanding simple value-based choices where agents1

choose between visually presented goods, comparable to a shopping scenario in a supermarket.2

However, many everyday decisions are made in the physical absence of the considered goods,3

requiring agents to recall information about the goods from memory. Here, we asked whether and4

how this reliance on an internal memory representation affects the temporal dynamics of decision5

making on a cognitive and neural level. Participants performed a remember-and-decide task, in which6

they made simple purchasing decisions between money offers and snack items while undergoing7

EEG. Snack identity was presented either visually (value trials) or had to be recalled from memory8

(memory trials). Behavioral data indicated comparable choice consistency across both trial types,9

but considerably longer response times (RT) in memory trials. Drift-diffusion modeling suggested10

that this RT difference was due to longer non-decision time of decision processes as well as altered11

evidence accumulation dynamics (lower accumulation rate and higher decision threshold). The12

non-decision time effect was supported by a delayed onset of the lateralized readiness potential.13

These results show that both, decision and non-decision processes are prolonged when participants14

need to resort to internal memory representations during value-based decisions.15

1 Introduction16

Decision neuroscience often employs simple consumer choices to investigate the cognitive and neural basis of value-17

based decisions. These choices are usually studied in a supermarket scenario, where participants are exposed to visually18

presented consumer goods and choose among them (e.g., Webb et al., 2021; Krajbich et al., 2010; Polanía et al.,19

2015; Frömer et al., 2019; Bakkour et al., 2019). While this scenario offers a well-controlled experimental setting, it20

has the limitation of only considering choices with the options being visually present. However, many value-based21

choices are made in the physical absence of choice options so that decision processes need to draw on internal memory22

representations (Lynch and Srull, 1982; Alba and Hutchinson, 1987; Stewart et al., 2006; Zhao et al., 2021). Here, we23

examine how this reliance on internal memory representations affects value-based decision processes.24

Value-based decision making is often conceptualized with a two-stage model of valuation and action selection (e.g.,25

Platt and Plassmann, 2013; Kable and Glimcher, 2009). In brief, this model distinguishes between valuation processes,26

where subjective value of choice options is integrated and feeds into an action selection process, where different action27

plans compete until the winning plan is executed. A large body of research associated valuation with activity in striatal28

and frontal brain regions, emphasizing the ventromedial prefrontal cortex (vmPFC) (see, Bartra et al., 2013; Clithero29

and Rangel, 2014; Vaidya and Fellows, 2020; Levy and Glimcher, 2012, for reviews). This region seems to encode30

subjective value of choice options in various choice tasks, including the supermarket scenario. Importantly, when31
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decisions are based on memory representations, valuation depends on the co-activation of the vmPFC and brain regions32

that account for memory retrieval, such as the hippocampus and the anterior prefrontal cortex (Zhang et al., 2021; Gluth33

et al., 2015; Kraemer et al., 2022). While these studies focus on the effect of memory on valuation, the effect on action34

selection has rarely been studied.35

Action selection is frequently described as a competitive activation process within fronto-parietal brain regions where36

the activity level of neural populations represent different action plans such as, approaching one vs. another choice37

option (Cisek, 2007; Gold and Shadlen, 2007). Over time, the activity levels change as a function of incoming valuation38

signals (Hare et al., 2011; Grueschow et al., 2015; Gluth et al., 2012). As soon as the activity level of one action plan39

outweighs the others by some critical margin, the corresponding action is triggered and executed by the motor system40

(Thura and Cisek, 2014; Rizzolatti and Kalaska, 2013). The dynamic and competitive nature of action selection can be41

described by cognitive models of the sequential sampling framework (Shadlen and Kiani, 2013; Smith and Ratcliff,42

2004). These models describe decision making as a noisy accumulation of evidence (see Fig. 1C). Here, evidence is an43

abstract unit of preference for either choice option. Over time, relative evidence accumulates until a threshold level is44

reached which – analogously to the neural process of action selection – triggers a corresponding action. Thereby, the45

time to make a decision, the response time (RT), depends on the duration of the evidence accumulation process as well46

as on the non-decision time which is thought to include the duration of pre-decisional processes such as perceptual47

encoding and memory retrieval, as well as post-decisional processes such as motor execution (Ratcliff and McKoon,48

2008; Ratcliff et al., 2016). Applied to economic choices, such as consumer choices, sequential sampling models49

have received wide acceptance in neuroeconomics and decision neuroscience (Clithero, 2018; Fehr and Rangel, 2011;50

Busemeyer et al., 2019).51

We investigated the neural dynamics of action selection by leveraging the temporal precision of electroencephalography52

(EEG), focusing on the lateralized readiness potential (LRP, Coles and Gratton, 1988) as a neural signature. Instead of53

being a pure motor component, the LRP has been suggested to track the onset and progression of evidence accumulation54

(e.g., Schurger et al., 2012; Van Vugt et al., 2014; Lui et al., 2021; Gluth et al., 2013; Polanía et al., 2014). However,55

a detailed relation between LRP properties and evidence accumulation parameters is yet to be established. Here, we56

hypothesized that the onset, the slope and the peak amplitude of the LRP may be related to the onset, rate and threshold57

level of evidence accumulation, respectively.58

We utilized this approach to compare the cognitive and neural dynamics of consumer choices, where goods were either59

presented visually vs. were recalled from memory. Cognitive modeling revealed major differences in the dynamics60

between both kinds of choices: Memory-based decisions yielded a lower rate of evidence accumulation, a higher61

decision threshold level, and a delayed decision onset. Ultimately, the integration of different LRP properties into a62

neurally-informed sequential sampling model allowed us to identify the computational mechanisms of action selection63

in memory-based decisions.64

2 Materials and Methods65

2.1 Participants66

In total, 48 participants took part in the study. 9 participants had to be excluded due to dietary incompatibilites of the67

snacks (n=3), acute headache (n=1), problems in understanding or performing the tasks (n=2) or technical problems68

with the EEG system (n=3). Our final data set comprised 39 healthy, right-handed human volunteers (28 female, mean69

age = 22.5, age range: [19, 29]). Participants were recruited via online recruitment systems of the University of Basel70

and were reimbursed either with a money amount of 90 CHF or with course credits. Participants were instructed to fast71

for at least four hours before the start of the experiment. Additionally, the tasks were incentivized (see 2.2). The study72

was approved by the ethics committee of the University of Basel, and all participants gave written informed consent to73

the procedures.74

2.2 Experimental design75

The study was conducted in two separate sessions (mean time between sessions = 7.5 days, range: [7, 15]). Session76

1 was a training session, where participants were familiarized with the task structure. This was done to minimize77

learning effects in session 2, where the relevant data for this study was recorded. In both sessions, participants first78

rated 55 snack items regarding their willingness to pay. Next, they performed 10 runs of a remember-and-decide task.79

In a post-experiment survey, participants rated their subjective familiarity with the snacks and were interviewed about80

potential problems and personal strategies of the task procedures.81
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Lorem ipsum dolor sit amet, consectetuer adipiscing elit, sed diam nonummy nibh euismod tincidunt ut 
laoreet dolore magna aliquam erat volutpat. Ut wisi enim ad minim veniam, quis nostrud exerci tation 
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in hendrerit in vulputate velit esse molestie consequat, vel illum dolore eu feugiat nulla facilisis at vero 
eros et accumsan et iusto odio dignissim qui blandit praesent luptatum zzril delenit augue duis dolore te 
feugait nulla facilisi.
Lorem ipsum dolor sit amet, cons ectetuer adipiscing elit, sed diam nonummy nibh euismod tincidunt ut 
laoreet dolore magna aliquam erat volutpat. Ut wisi enim ad minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip ex ea commodo consequat.
Lorem ipsum dolor sit amet, consectetuer adipiscing elit, sed diam nonummy nibh euismod tincidunt ut 
laoreet dolore magna aliquam erat volutpat. Ut wisi enim ad minim veniam, quis nostrud exerci tation 
ullamcorper suscipit lobortis nisl ut aliquip ex ea commodo consequat. Duis autem vel eum iriure dolor 
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eros et accumsan et iusto odio dignissim qui blandit praesent luptatum zzril delenit augue duis dolore te 
feugait nulla facilisi.
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Figure 1: A Flow-chart of the experimental periods of the remember-and-decide task. B Illustration of the stimulus
sequence of a value trial (orange) and a memory trial (blue). In each trial, participants chose between a monetary value
and a snack option, which was presented either directly (value trial) or indicated by a unique identicon (memory trial).
C Illustration of the dynamic choice process. Evidence accumulates over time with a drift-rate ν. The separation of
the decision boundaries is defined by the parameter a. Here, the boundaries represent the two choice options of the
remember-and-decide task (snack vs. money). The a-priori starting point bias is represented by the parameter z. Pre-
and post-decisional non-decision time Ter are depicted in grey.

2.2.1 Setup82

In session 1, we collected behavioral data. In the laboratory, participants were seated in front of a screen (size =83

47.38 × 29.61 cm =̂24′′ screen diagonal, resolution = 1680 × 1050 pixels, refresh rate = 60 Hz). Their heads were84

fixed with a chin rest at 60 cm distance to the screen. Eye tracking data was collected with an SMI iViewX RED 50085

system (SensoMotoric instruments, Berlin, Germany) with 500 Hz sampling rate and SMI BeGaze (version 3.4) as86

recording software. Note that the purpose of using an eye tracker was to control and restrict eye movements rather than87

to investigate any potential effects of attention.88

In session 2, we collected behavioral and EEG data. The setup was identical to session 1 with the exception that the89

SMI eye tracker in the EEG laboratory had a sampling rate of 60 Hz. EEG data was recorded with a 64 electrode90

ActiveTwo system (BioSemi, Amsterdam, The Netherlands) at a sampling rate of 1024 Hz. The recording software was91
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BioSemi ActiView. Scalp electrodes were placed corresponding to the 10-10 system using elastic caps. To record EOG,92

we placed two electrodes temporal to the eyes and two electrodes above and below the right eye. EMG activity at both93

hands were recorded using two electrodes at the opponens pollicis and the flexor digitorum.94

All experiments were programmed in Python using the exPyriment library (Krause and Lindemann, 2014, version 0.6.3).95

The eye-tracker was coupled to the experiment using PyGaze (Dalmaijer et al., 2014, version 0.6.0). Eye-tracking96

recording software was iView X (version 3.1.0). EEG recording software was ActiView (version 7.04).97

2.2.2 Snack ratings98

After participants gave written informed consent and were instructed about the experimental procedures, they were99

familiarized with the snack stimuli. Participants first saw every snack and its name once. They were allowed to take100

each snack in their hand and read the information about the ingredients provided by the package. Afterwards we101

assessed their willingness to pay for each snack. Thereto, the snacks were presented on a screen and participants moved102

a slider continuous scale between 0 and 5 CHF to rate them. The slider was initialized on a middle position and had103

to be moved at least once to commit a rating. Snack order was randomized. Every snack was rated twice. Following104

previous studies (e.g., Gluth et al., 2015; Krajbich et al., 2010), we used the average rating of each snack as a proxy for105

subjective snack value. The task was incentivized as one snack rating was chosen randomly and compared to a random106

number from a uniform distribution between 0 and 5. The participants would receive the snack if its rating was higher107

than the random number, or the random number as money if it was higher than the snack rating.108

2.2.3 Remember-and-decide task109

The remember-and-decide task consisted of ten consecutive runs in which participants completed the four periods110

encoding, distraction, decision, and recall (in that order).111

During encoding, participants learned associations between abstract symbols (identicons) and snacks. In each trial,112

participants fixated on a red fixation dot within a small central square (size: 84× 84 pixels) in the center, flanked by two113

large lateral squares (size: 320× 320 pixels), one in every hemifield. After a minimum fixation time (jittered interval114

drawn from a uniform distribution between 966 and 1033 ms, controlled via online eye tracking), an identicon appeared115

in the center square alongside with a snack image in either lateral square. Participants memorized the association of116

each identicon with its respective snack. They maintained fixation throughout the trial. Fixation control was ensured117

by simultaneous eye tracking. When the gaze of the participants left the central square, the trial would abort with a118

message calling out the fixation break, shown for 3 s. Participants were further informed that every fixation break would119

reduce their chance of winning a snack after the experiment by 2 %. After 2000 ms the squares were superseded by120

visual masks as inter-trial intervals in which participants were allowed to blink. In every run, participants learned 5121

identicon-snack associations. Each identicon-snack association was presented several times. To investigate the effect122

of presentation times on learning performance, the associations were presented 3 or 5 times (counterbalanced across123

runs) in session 1 and 4 times in session 2. To avoid random clustering of specific identicon-snack associations at a124

specific time window in the encoding period (e.g., that the identicon-Snickers association is presented several times at125

the end of the encoding period), we pseudo-randomized their presentation order so that all associations were presented126

in mini-blocks (not noticeable to the participants) within which the order was fully randomized.127

During distraction, participants performed a 2-back task so that they could not rehearse information obtained in the128

encoding phase. For 30 s, digits were presented in the center of the screen. Participants were instructed to press the129

space button on their keyboard when the current digit was identical to the penultimate digit. Digits were presented for130

900 ms with an inter-trial interval of 100 ms. The order of digits was pseudo-randomized so that on average one third of131

the digits were equal to the penultimate digit.132

During the decision period, participants made choices between snacks and money amounts. In each decision trial,133

participants first saw a money offer presented in a white square (size: 84×84 pixels) with a red fixation dot. Participants134

were required to look at the fixation dot throughout the whole trial. After a minimum fixation time (again, jittered135

interval as during encoding), the money stimulus was superseded by a snack stimulus. The snack stimulus could either136

be a snack image (value trials) or an identicon (memory trials), learned during the encoding period. Only in value trials,137

the snack identity was visually accessible. In memory trials, it had to be retrieved from memory in order to make an138

informed choice. Participants were free to choose either the money amount or the snack by pressing either f vs. j button139

with their left vs. right index finger. Button-option assignment was counter-balanced across participants. If a maximum140

decision time of > 7000 ms was reached, the trial aborted calling out that no decision was made. In every decision141

period, participants performed 4 blocks of 5 choices each. In each block, participants chose between the five snacks142

of the current run and a fixed money amount (1, 2, 3, or 4 CHF). Blocks were separated by a short instruction screen,143

indicating that the next 5 trials would offer the respective money amount. The order of the blocks and snack stimuli was144
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randomized. The task was incentivized as participants were told in advance that a random trial would be selected after145

the experiment and they would receive their choice in that trial, be it a money amount or the snack. If no choice was146

made for this trial, they would not receive any option.147

During the recall period we tested whether participants could recall the identicon-snack associations correctly. In each148

recall trial, we presented a red fixation dot in a white central square (jittered minimum fixation time as during encoding),149

succeeded by an identicon image. Participants pressed either the f or j button on the keyboard to indicate whether150

they could recall the snack correctly. Button-option assignment was counter-balanced across participants. A screen151

followed asking "Which snack?". Participants verbally reported which snack they believed to be associated with the152

identicon. The experimenter noted the answer and initiated the source recall procedure. A screen asking "Which side?"153

was presented. Participants responded via button press, if they thought the snack was presented on the left (botton f)154

or on the right (button j) hemifield during the encoding period. Each recall period consisted of 5 trials, one for every155

identicon-snack association. The order of stimuli was randomized.156

Participants were familiarized with (session 1) or remembered of (session 2) the experimental procedures in the157

beginning of each session. In both sessions, they performed a practice run before data collection started and were158

encouraged to ask questions before and after the practice run. We collected 7 runs of the memory condition (=̂ 140159

memory trials) and 3 runs of the value condition (=̂ 60 value trials). Runs contained either memory or value trials.160

The order of runs was pseudo-randomized so that the first runs (session 1: runs 1 through 4, session 2: runs 1 and 2)161

contained only memory trials. This was done to increase participants’ familiarity with the task affordances. For the162

following runs, the order was randomized. The composition of the 5 snacks in each run was pseudo-randomized so that163

each run contained a snack of each willingness to pay quintile, obtained from the snack ratings.164

2.2.4 Post-experiment survey165

After finishing the remember-and-decide task, participants rated their subjective familiarity with each snack. As for the166

snack ratings, participants moved a slider on a continuous scale to indicate how familiar they were with each snack.167

Again, the slider had to be moved at least once. Each snack familiarity was rated once. The order of the snacks was168

randomized.169

After the familiarity rating task, participants would receive their incentives and were allowed to eat them during the170

following interview. In the semi-structured interview, participants indicated if they had specific strategies and/or171

difficulties while solving the tasks, and, if so, verbalized their respective strategies and/or difficulties. The experimenter172

took notes, and, when needed, asked clarification questions.173

2.3 Statistical analyses174

2.3.1 Trial selection175

Data analysis in this paper focuses on trials from the decision period of the experimental session 2. We selected trials176

which fulfilled three criteria before pursuing data analysis. First, we selected trials in which we could assume that choice177

and RT data depended on a terminated drift-diffusion process. Therefore, we selected only trials where participants178

made a decision after 200 ms (48 trials) and before the response deadline (21 trials), coherent with our previous work179

(Kraemer et al., 2021a). Second, we excluded trials with excessive EEG noise (102 trials, see 2.3.4 for details of EEG180

preprocessing). Third, we wanted to compare value trials with memory trials, in which participants had access to181

the information of snack identity (in contrast to other work from our group, which investigated trials in which snack182

identities are only retrieved partially; cf. Kraemer et al., 2022). Thus, we rejected memory trials where participants183

could not recall the snack identity correctly during the recall period (636 trials). In total, we analyzed 2299 value184

trials (per participant M = 58.95, s.d. = 1.93, range: [51, 60], 98.25% of all value trials) and 4712 memory trials (per185

participant M = 120.82, s.d. = 15.97, range: [62, 134], 86.62% of all memory trials).186

2.3.2 Behavioral modeling187

Our behavioral analysis served two purposes: First, we wanted to know whether there are behavioral differences188

between value and memory trials. Second, we examined the suitability of the DDM for this task by testing whether189

its qualitative predictions are coherent with participants’ behavior. The DDM predicts that a) choices should follow a190

binary choice curve which depends on value difference of the choice options, and b) RT should describe an inverted U191

shape as a function of value difference (e.g., Clithero, 2018), or put differently: RT should decrease with absolute value192

difference of choice options.193
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To address these questions, we formulated two mixed effects regression models, henceforth labeled the choice model194

and the response time model. Both models were fitted in a hierarchical Bayesian framework (Lee and Wagenmakers,195

2013) and had the functional form:196

yp,t = βInterceptp + βSlopep × (valueSnackp,t
− valueMoneyp,t

) + βMemory ×mp,t + ϵ, (1)

where yt is the data (binary choice or log-transformed RT) of a trial t. yt depended on participant-specific intercept and197

slope parameters βInterceptp and βSlopep , the difference of z-transformed subjective snack value and money amount,198

the fixed effect of trial type βMemory which could affect the estimation in memory trials via the boolean variable199

mt (m = 1, if t is a memory trial), and an unspecific error term ϵ. βInterceptp and βSlopep were participant-specific200

random effects which depended on group-level normal distributions N (µIntercept, σIntercept) and N (µSlope, σSlope).201

We specified standard-normal prior distributions for µIntercept, σIntercept, µSlope, σSlope and βMemory . As variability202

parameters, σIntercept, σSlope and ϵ were constrained to be larger or equal zero. Importantly, the two models differed203

only with respect to a logit link function in the choice model, which mapped the model parameters to a binary choice204

outcome.205

To estimate the models, we used a Markov-Chain Monte-Carlo (MCMC) approach for hierarchical Bayesian statistics206

using the probabilistic programming language Stan (Stan-Development-Team, 2018, version 2.17.0). Four chains of207

4,000 samples each were initialized of which 50% warm-up samples were discarded. The Gelman-Rubin R̂ statistic208

(Gelman and Rubin, 1992) indicated convergence for all relevant parameters (R̂ < 1.01). After having estimated209

posterior probability distributions of the model parameters, we performed statistical inference by calculating the 95% -210

Bayesian highest density intervals (Kruschke, 2015) and Bayes Factors. To calculate Bayes Factors, we applied the211

Savage-Dickey method to evaluate the inverse ratio of posterior and prior density at a null-effect level of zero (Lee and212

Wagenmakers, 2013). If this ratio is smaller than 1, evidence points toward the null-hypothesis that there is no effect. If213

it is larger than 1, evidence points toward the alternative hypothesis. The exact value of the Bayes factor specifies, how214

much more likely the alternative hypothesis is than the null hypothesis, given the model and the data.215

2.3.3 Cognitive modeling216

To investigate whether and how decision processes differ when information about value is sampled from memory, we217

applied the DDM (Ratcliff, 1978; Ratcliff and McKoon, 2008), arguably the most widely used sequential sampling218

model (Ratcliff et al., 2016). Our drift diffusion model estimated the four parameters non-decision time Ter, boundary219

separation a, starting point bias z and drift-rate ν. Choices and RT were thus assumed to follow a first-passage Wiener220

distribution.221

choicep,t, RTp,t ∼ Wiener(ap, zp, Terp,t , νp,t). (2)

Whereas the parameters ap and zp were estimated for each individual (index p for participant), the parameters Terp,t222

and νp,t additionally varied from trial to trial (index t for trial). In general, the diffusion parameters depended on a223

combination of random intercepts β which depended on group-level normal distributions N (µ, σ) (see table 1 for224

respective prior distributions). Critically, we equipped the model with additional fixed effects parameters (δ parameters)225

which modeled the difference between value and memory condition. A credibly positive (negative) δ can be interpreted226

as an increased (decreased) value of the corresponding diffusion parameter in the memory condition. At the same time,227

evidence for the null hypothesis of no condition difference can be tested by assessing the degree to which δ overlaps228

with zero. The boundary separation was modeled on the participant level as229

ap = SoftP lus(βap
+ δa ∗mp,t), (3)

so that it depended on a random intercept βap
which was drawn from a group-level normal distribution N (µa, σa). δa230

was a fixed effect of the memory condition which affected the estimation during memory trials as indicated by the231

boolean dummy-variable mp,t. The sum of these terms was SoftPlus-transformed (f(x) = ln(1 + ex)), which, like the232

exponential transformation, constrains values to be positive, but has the advantage of ensuring a rather linear increase for233

higher parameter values. Starting point bias was estimated as a random effect where zp = Φ(βz). The random intercept234

βz was Phi-transformed to warrant that zp is limited to values between zero and one. Non-decision time was estimated235

on the trial level so that the estimate was drawn from a normal distribution Terp,t ∼ SoftP lus(N (Terp , sTerc)).236

The center of the distribution was the participant-specific non-decision time Terp , and the scale was the condition-237

specific non-decision time variability sTerc which was estimated for value and memory trials separately. We applied238

a SoftPlus-transformation to constrain the estimate to be positive. The participant-specific non-decision times was239

modeled as240
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Terp = βTerp
+ δTer ∗mp,t, (4)

where βTerp
was a random intercept and δTer was a fixed effect which specified the Ter difference in memory trials.241

Finally, the drift-rate was modeled as a scaled value difference of trial-specific snack- and money values (z-transformed)242

with an additional drift-rate bias term.243

νp,t = Scalep ∗ (V alueSnackp,t
− V alueMoneyp,t

+Biasp). (5)

The drift-rate bias modeled the general preference of participants for either snack or money options, which was not244

explained with a starting point bias. We specified the bias as Biasp = βBias + δBias, where βBias was a random245

intercept and δBias was specified condition-specific difference of bias. The scale parameter Scalep was modeled as246

Scalep = SoftP lus(βScalep + δScale ∗mp,t) (6)

βScalep was a random intercept and δScale was a fixed effect, specifying the condition-specific effect. We SoftP lus-247

transformed the sum to obtain strictly positive slope values.248

The model was fitted in a hierarchical Bayesian framework in Stan (four chains of 4,000 samples each; 50% warm-up;249

R̂ ≤ 1.01). For statistical inference, we considered the 95%-HDI and Bayes Factors, which we computed with the250

Savage-Dickey method for δ parameters.251

2.3.4 EEG preprocessing252

We preprocessed EEG data with a custom-made script, drawing on the mne-Python library (Gramfort et al., 2013,253

version 0.17). We referenced the data to the average potential, obtained at the Mastoid electrodes. After applying a254

band-pass filter (between 1/7 Hz and 60 Hz) and a Notch-filter (at 50 Hz), we visually inspected trials for excessive255

noise. We fitted an independent components analysis and carefully selected components to exclude based on topography256

(spatially confined artifacts), periodicity (components that were only present in some blocks), and power spectrum257

(untypical drop in power spectrum). Further, components that were related to horizontal and vertical eye movements (as258

measured via EOG) were removed from the data.259

We analyzed EEG data separately for stimulus-locked and response-locked epochs, covering the time windows260

[−700, 2000] ms relative to the snack/identicon presentation and [−1000, 100] ms relative to the participants’ response.261

We baseline-corrected all epochs to a time window of [−500,−100] ms relative to stimulus onset and down-sampled262

the data to obtain a temporal resolution of 8 ms. We further applied a current source density transformation to the data263

to improve topological localization of the signals.264

2.3.5 EEG analyses265

To measure the temporal dynamics of the decision process, we focused on three properties of the LRP. The stimulus-266

locked LRP onset, the slope of the response-locked LRP and the response-locked LRP peak amplitude. To estimate these267

properties, we first calculated the empirical LRP using a double subtraction process, where the average effector-specific268

activity over the left and right motor cortices (electrodes C3 and C4) are subtracted (Coles, 1989).269

LRPp = (C3choose_right − C3choose_left)− (C4choose_right − C4choose_left) (7)

For every participant p and condition (memory and value trials), we calculated the LRP relative to the stimulus270

presentation and to the response. We applied a Gaussian smoothing kernel (s.d. = 24 ms) to the time-resolved LRP to271

deal with momentary signal noise.272

Our analysis was centered around three properties of the LRP. We assumed that the stimulus-locked onset of the LRP273

marks the time when as much choice-relevant information is available to initate the evidence accumulation / action274

selection process (Gluth et al., 2013; Gratton et al., 1997; Klein-Flügge and Bestmann, 2012). Further, since the275

response-locked LRP has been demonstrated to resemble response-locked evidence accumulation (Polanía et al., 2014;276

Schurger et al., 2012), we assumed that the response-locked slope might be related to the rate of evidence accumulation;277

and that the LRP peak amplitude might be related to the boundary separation. Note, that these assumptions have not yet278

been validated (which is done in Section 2.3.6).279
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We estimated the LRP properties of onset, slope, and peak amplitude with a segmented regression method (Schwarzenau280

et al., 1998) where the LRP time course follows a function y(t) = f(t) + ϵ. f(t) describes the progression of the LRP281

as straight lines in a pre-onset and post-onset period.282

f(t) =

{
α, for ta < t < t0,

α+ ρ(t), for t0 < t < te,
(8)

In the pre-onset period between the trial onset (ta) and the LRP onset t0, the signal is modeled as a horizontal line283

where the intercept α can be interpreted as pre-onset baseline activity. In the post-onset period between t0 and the LRP284

peak latency (te), the signal is modeled as a straight line, originating at baseline level and progressing towards the peak285

amplitude with a slope ρ.286

We fitted 2 × 2 (condition: memory and value; event-relation: stimulus-locked and response-locked) segmented287

regression models to the LRP time courses. ta was 0 ms in stimulus-locked trials and -1,000 ms in response-locked288

trials. te was the peak latency of the respective LRP time course. We estimated the models in a hierarchical Bayesian289

framework, where αp, ρp and t0p were random effects on the participant level which depended on group level290

normal distributions N (µα, σα), N (µρ, σρ) and N (µt0 , σt0). We specified standard-normal prior distributions for all291

population parameters. The variability parameters σα, σρ and σt0 were constrained to be non-negative. The onset292

parameter µt0 was constrained to be equal or larger than ta. We estimated the model in Stan, initializing four chains of293

4,000 samples each (50% warm-up). R̂ were smaller than 1.05 for all group-level parameters of the models, which294

indicated acceptable convergence of the chains.295

To compare stimulus-locked LRP onsets and response-locked slopes, we computed posterior distributions of difference296

between memory and value condition. Posterior samples of stimulus-locked µt0 and response-locked µρ in the value297

condition were subtracted from the corresponding samples in the memory condition. The ratio of samples larger than298

0 can be interpreted as the probability, that the respective parameters were larger in the memory condition than in299

the value condition, given the model and the data. To compare response-locked peak amplitudes – which were not300

estimated by the segmented regression models – we performed a paired t-test on the measured minimum amplitudes301

within [−250,−50] ms relative to participants’ responses. We computed the Bayes Factors with the Python-based302

Pingouin library (Vallat, 2018, version 0.3.4) and specified the default Cauchy-prior with a scale parameter of 0.707.303

We further sought to inform a neuro-cognitive model with individual estimates of the LRP properties onset, slope304

and peak (see 2.3.6). To deal with the relatively poor signal-to-noise ratio of EEG data on the participant level, we305

used a jackknifing method to obtain individual estimates of the LRP properties (Stahl and Gibbons, 2004). In a306

leave-one-participant-out procedure, we calculated the average LRP waveform and fitted a non-hierarchical Bayesian307

segmented-regression model to average LRP waveform (4 chains of 1,000 samples each; 50% warm-up; R̂ ≤ 1.02308

indicating good convergence). We did this for every participant, every condition and every event-relation. We used309

the resulting posterior mean estimates of stimulus-locked t0 as LRPOnsetp,c , the response-locked posterior mean ρ310

estimates as LRPSlopep,c and the response-locked peak amplitudes of the waveforms as LRPPeakp,c
. These estimates311

indicated how each individual contributed to the grand average LRP waveforms and thereby yielded estimates of312

individual variation for the participant. We z-standardized these estimates and embedded them as covariates in the313

neuro-cognitive model.314

2.3.6 Neuro-cognitive modeling315

To investigate whether the LRP properties were related to the parameters of the DDM, we extended this model.316

We followed a direct input approach, where neuronal data was allowed to inform the parameters of the cognitive317

model (Turner et al., 2017). Individual LRP properties (estimated in the jackknifing procedure, see 2.3.5) were318

treated as covariates on the participant level which could explain variance via fixed effects θ parameters. A credibly319

negative θ parameter value implies – somewhat counter-intuitively – a positive correlation of individual LRP property320

and participant level DDM parameter value. The reason for this lies in the jackknifing procedure which omits the321

respective participant to estimate his/her effect on the grand-average (Stahl and Gibbons, 2004; Gluth and Meiran,322

2019). If a θ parameter is indifferent from zero, one can infer that there is no relation of individual LRP properties and323

participant-level DDM parameter values.324

The model was largely equivalent to the purely cognitive model (see 2.3.3). However, the parameters Ter, a and ν were325

estimated with additional fixed effects.326

Terp = βTerp
+ δTer ∗mp,t + θOnset ∗ LRPOnsetp,c , (9)
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ap = SoftP lus(βap + δa ∗mp,t + θPeak ∗ LRPPeakp,c) (10)

Scalep = SoftP lus(βScalep + δScale ∗mp,t + θSlope ∗ LRPSlopep,c) (11)

Thus, θOnset was a fixed effect which modeled the effect of the LRP onset in the respective condition. ap de-327

pended on θPeak which covered the effect of LRP peak amplitude on boundary separation. Finally, θSlope was a328

fixed effect which modeled the effect of the response-locked LRP slope in the respective condition. All covariates329

LRPOnsetp,c ,LRPPeakp,c
and LRPSlopep,c stemmed from the jackknifing procedure (see 2.3.5) and was calculated330

for each participant and condition (memory and value).331

The model was fitted in a hierarchical Bayesian framework in Stan (four chains of 4,000 samples each; 50% warm-up;332

R̂ ≤ 1.01). For statistical inference, we considered the 95%-HDI and Bayes Factors, which we computed with the333

Savage-Dickey method for δ and θ parameters.334

2.4 Data and code availability335

Data and analysis code are uploaded on the Open Science Framework (https://osf.io/enwtd/) and are freely336

available.337

3 Results338

To study the differences of value-based and memory-based decisions, we invited hungry participants to take part in339

a laboratory study. In a remember-and-decide task, participants (N=39) cycled through several experimental periods340

(see Fig. 1B). During encoding, they associated abstract symbols (identicons) with individual snacks. After a 2-back341

distraction task, they made incentivized choices between money and snack offers (see Fig. 1C). Some trials (henceforth342

"value trials") mimicked the supermarket scenario, with snacks being visually accessible. In other trials (henceforth343

"memory trials"), participants saw identicons and had to retrieve the associated snack identities from memory. Thus, in344

memory trials, their decisions relied on an internal memory representation of the snacks.345

3.1 Behavioral results346

Figure 2 depicts the average choice and RT data of the remember-and-decide task. For statistical analysis, we fitted347

hierarchical Bayesian logistic and linear regression models to the choice data (choice model) and RT data (RT model),348

respectively. While the choice model provided strong evidence that memory and value trials did not differ with349

respect to choice behavior (βMemory: 95% HDI = [−0.134, 0.096], BF10 = 0.06, Fig. 2B), the RT model provided350

decisive evidence that memory-based choices took longer (on average 395 ms; sd = 213 ms) than value-based choices351

(βMemory: 95% HDI = [0.265, 0.313], BF10 = 1.34 ∗ 10123, Fig. 2D).352

In addition to the effect on RT, we found decisive evidence that choice behavior depended on value difference353

of the choice options (logistic model, µSlope: 95% HDI = [0.559, 0.751], BF10 = 1.80 ∗ 1037, Fig. 2B), and354

substantial evidence that RT decreased as a function of absolute value difference (linear model, µSlope: 95% HDI =355

[−0.045,−0.013], BF10 = 3.66, Fig. 2D). Both results are in line with core predictions of sequential sampling models356

(Clithero, 2018).357

We found strong evidence that RT did not differ depending on whether the snack or the money was chosen (linear model,358

µIntercept: 95% HDI = [−0.075, 0.106], BF10 = 0.05, Fig. 2D), and anecdotal evidence for unbiased choice behavior359

(logistic model, µIntercept: 95% HDI = [−0.538, 0.064], BF10 = 0.47, Fig. 2B), both suggesting the absence of an360

a-priori preference for either option (hence, a starting-point bias in DDM terminology; cf. Lopez-Persem et al., 2016).361

3.2 Cognitive modeling362

The central findings of our behavioral analyses were that participants had similar choice consistency in value and363

memory trials but took significantly longer to execute memory-based choices. Given that choice consistency and364

response times are inherently related in the sequential sampling framework, this pattern of results can be explained365

by two distinct, not mutually exclusive mechanisms: First, increased RT may result from increased non-decision time366

and a corresponding shift in RT while leaving choice consistency unaffected. A second explanation may be prolonged367

decision time, caused by altered evidence accumulation dynamics. For instance, increased boundary separation has368

been linked to increased RT while affecting choice coherence only moderately (Fontanesi et al., 2019).369
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A B

C D

Figure 2: Behavioral results. A Mean proportion of snack choices as a function of value difference. Shaded areas
indicate the bootstrapped 95% confidence intervals. B Logistic regression estimates of choices. Full lines indicate the
posterior probability distribution of relevant parameters (µIntercept and µSlope for intercept and slope of the regression
line; βMemory models the difference between memory trails and value trials). Shaded areas indicate the 95% highest
density interval. Dotted lines indicate the prior probability distribution. Vertical dashed lines indicate the parameter
value specifying the null hypothesis. C Mean response times as a function of value difference. D Linear regression
estimates of response times.

We investigated these potential explanations by fitting a drift-diffusion model (DDM) to the behavioral data. The model370

is depicted in Figure 3 and fully specified in the Methods (section 2.3.3). Importantly, while individual variance of the371

diffusion parameters is explained by random effects, the difference between value trials and memory trials is modeled372

with fixed effects δ parameters.373

We found decisive evidence that participants exhibited a longer non-decision time during memory trials (δTer : 95%-374

HDI: [0.22, 0.38], BF10 = 7.14 ∗ 108). Concurrently, the dynamics of the diffusion process seemed to be altered.375

The boundary separation in memory trials was estimated credibly larger than in the value condition (δa : 95%-HDI:376

[0.31, 0.46], BF10 = 2.01∗1018). Additionally, the rate of evidence accumulation, as governed by the Scale parameter,377

may be lower in memory trials, although evidence is relatively weak: While the 95%-HDI ([-0.32,-0.05]) excluded zero,378

the Bayes factor of 2.07 only provided anecdotal evidence for this lower drift scale.379

With respect to potential biases in the diffusion process, we found that neither the starting point bias µz , nor a drift-rate380

bias µBias (which models a general preference for snacks or money during the accumulation process Kraemer et al.,381

2021a; Krajbich, 2021) were credibly different from zero as indicated by the 95%−HDIs of these parameters (see Table382

1). Furthermore, we found moderate and very strong evidence against potential biases in memory trials as compared383

to value trials (δz : 95%-HDI: [−0.05, 0.06], BF10 = 0.03; δBias : 95%-HDI: [−0.35, 0.11], BF10 = 0.21), letting us384

conclude that diffusion processes had no general preference for money or snack choices.385
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Figure 3: Cognitive modeling. A Graphic illustration of the structure of the drift-diffusion model. Parameters are
depicted in circles, variables in rectangles. Arrows indicate the inter-relation of parameters and variables. Indices
represent the participant level p and the trial level t. B Probability distributions for δ parameters (with positive values
indicating higher parameter estimates for memory compared to value trials). Full lines indicate the posterior probability
distribution of relevant parameters. Shaded areas indicate the 95%- highest density interval. Dotted lines indicate the
prior probability distribution. Vertical dashed lines indicate the parameter value which specifies the null hypothesis.

Table 1: Parameter estimates of the cognitive drift-diffusion model.

Prior Posterior M Posterior sd 95%-HDI BF10

µTer
N (−1, 1) -0.754 0.120 [-0.99,-0.52] -

σTer
HN (0, 1) 0.707 0.091 [0.54,0.89] -

δTer N (0, 1) 0.295 0.043 [0.22,0.38] 7.14 ∗ 108
sTer,V alue HN (0, 1) 0.392 0.028 [0.34,0.44] -
sTer,Memory HN (0, 1) 0.446 0.021 [0.4,0.49] -
µa N (2, 1) 1.521 0.081 [1.37,1.68] -
σa HN (0, 3) 0.457 0.058 [0.35,0.57] -
δa N (0, 1) 0.381 0.040 [0.31,0.46] 2.01 ∗ 1018
µScale N (0, 1) -0.923 0.089 [-1.1,-0.76] -
σScale HN (0, 1) 0.406 0.068 [0.28,0.54] -
δScale N (0, 1) -0.180 0.069 [-0.32,-0.05] 2.07
µBias N (0, 1) -0.291 0.211 [-0.69,0.14] -
σBias HN (0, 1) 1.174 0.160 [0.88,1.49] -
δBias N (0, 1) -0.126 0.116 [-0.35,0.11] 0.21
µz N (0, 1) 0.026 0.035 [-0.04,0.09] -
σz HN (0, 1) 0.161 0.026 [0.11,0.21] -
δz N (0, 1) 0.006 0.027 [-0.05,0.06] 0.03

The table lists the respective prior distributions, mean of the posterior distribution, standard deviation
of the posterior distribution, the 95%-Highest density interval, and, where applicable, the Bayes
factor.

3.3 EEG results386

The cognitive modeling analyses suggested altered diffusion dynamics (boundary separation and drift scale) as well as387

an increased non-decision time in memory trials. We next asked whether these findings are supported by an analysis of388
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the simultaneously recorded LRP. Notably, the LRP onset has been shown to carry relevant information about incoming389

valuation signals (Gluth et al., 2013). Furthermore, Schurger et al. (2012) and Polanía et al. (2014) showed that the390

temporal progression of the response-locked LRP resembles the progression response-locked evidence accumulation391

processes remarkably well. To investigate this relationship with respect to our research question, we assumed that:392

First, the stimulus-locked LRP onset serves as a marker for the end of predecisional non-decision time; second, the393

response-locked LRP slope serves as a marker for speed of evidence accumulation; and third, the response-locked peak394

amplitude serves as a marker for decision threshold. In the following, we first test, whether memory and value trials395

differ with respect to the LRP properties onset, slope and peak amplitude. In section 3.4 we employ a neuro-cognitive396

modeling approach, to test, whether the properties relate to DDM parameters.397

Figure 4A shows the stimulus-locked LRP waveforms for both conditions. We estimated the LRP onset time for398

both conditions using a hierarchical Bayesian segmented-regression method. Figure 4C depicts the difference of the399

LRP onset between memory and value trials as the difference in their posterior probability estimates. Calculating the400

proportion of posterior samples larger than 0 indicated that there is probability of 98.1% that memory trials had a401

later LRP onset than value trials, given the model and the data. The unit of parameter values in Figure 4C can also be402

interpreted as units of seconds. Thereby, the average difference in non-decision time amounts to 83 ms (sd = 41ms).403

This finding suggests that the delayed LRP onset may account for a part of the 395 ms RT difference between the404

conditions.405

Analysis of the response-locked LRP properties did not indicate differences between value and memory trials. The406

ratio of posterior difference samples for LRP slope only indicated a 44.3% probability for a larger slope in memory407

trials. A Bayesian t-test of LRP peak amplitudes yielded substantial evidence against a difference between conditions408

(t(38) = 0.68;BF10 = 0.22).409

In sum, we found credible evidence that memory trials have a later LRP onset, which partially explains the behavioral410

difference in RT. The properties which we hypothesized to relate to evidence accumulation (i.e. slope and peak411

amplitude), however, were not different between conditions.412

3.4 Neuro-cognitive modeling413

In a next step, we sought to relate the cognitive modeling and EEG results by testing whether the different LRP414

properties can inform the parameters of the cognitive model. To answer this question, we re-estimated our DDM and415

added fixed effects θ parameters which allowed us to test, whether the individual variability of LRP properties explained416

variance of the diffusion parameters on the participant level. The structure of the neuro-cognitive DDM is displayed in417

Figure 5. As indicated in green, the θ parameters were allowed to affect the scale parameter of the drift-rate (θSlope),418

the boundary separation (θPeak) and the non-decision time (θOnset) on the participant level (see 2.3.6 for details).419

Prior and posterior parameter distributions can be inspected in Table 2. Consistent with the purely cognitive DDM,420

the results of estimating the neuro-cognitive DDM suggest that memory trials were associated with larger non-421

decision time (δTer : 95%-HDI: [0.23, 0.39], BF10 = 2.69 ∗ 1011), larger boundary separation (δa : 95%-HDI:422

[0.29, 0.45], BF10 = 2.22 ∗ 1018) and (moderate evidence for) decreased rate of evidence accumulation (δScale : 95%-423

HDI: [−0.31,−0.04], BF10 = 1.43). Again, diffusion processes were unbiased between snack and money choices424

(µz : 95%-HDI: [−0.04, 0.1]; µBias : 95%-HDI: [−0.69, 0.14]).425

Most importantly, we found a positive relationship of LRP onsets and non-decision time which implies that participants426

who exhibit a later LRP onset also exhibit a larger non-decision time. This was indicated by θOnset being credibly427

smaller than zero (95%-HDI: [−0.17,−0.09], BF10 = 1.56∗107; parameter values are negative for purely mathematical428

reasons, see 2.3.6 for details). Our analysis showed that, not only does increased non-decision time in memory trials429

coincide with a delayed LRP onset on the population level, but also that the individual LRP onsets were related to430

individual estimates of non-decision time.431

With respect to LRP peak amplitudes and LRP slope, we found evidence for the null hypotheses that they were unrelated432

to the boundary separation (θPeak : 95%-HDI: [−0.01, 0.07], BF10 = 0.05) and scale parameter (θSlope : 95%-HDI:433

[−0.03, 0.14], BF10 = .1), respectively. Thus, the altered diffusion dynamics (boundary separation and drift scale)434

could not be linked to individual LRP properties.435

4 Discussion436

We investigated the differences of action selection processes between value-based and memory-based decisions. Whereas437

participants exhibited choice behavior equally coherent with subjective value ratings, their RT were considerably longer438

in memory-based decisions. According to our diffusion model analysis, this difference was not attributed to a single439
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A B

DC

Figure 4: LRP analyses. A Mean stimulus-locked LRP waveforms for both conditions. Shaded areas indicate 95%
bootstrapped confidence intervals. B Mean response-locked LRP waveforms. C Posterior difference in LRP onset
between memory and value trials. Histogram shows posterior samples from group-level onset estimates of a hierarchical
Bayesian segmented-regression model. Vertical dashed line indicate onset equivalence. D Posterior difference in
response-locked LRP slope between memory and value trials.

but to multiple underlying mechanisms: on the one hand, we found a longer non-decision time, presumably related440

to memory retrieval processes, and on the other hand there was a longer accumulation-to-bound process as described441

by both a larger boundary separation and a (potentially) smaller drift-rate. On the neural level, the finding of a longer442

non-decision time was supported by a delayed LRP onset in general as well as in a positive correlation between443

non-decision time parameter and LRP onset across participants. Contrary to our hypotheses, the slope and peak444

amplitude of the LRP were unrelated to evidence accumulation dynamics.445

Prominent theories about memory-based decision making state that decisions are made by retrieving and integrating446

information bits as samples over time (Johnson et al., 2007; Stewart et al., 2006; Zhao et al., 2021). This idea is447

taken up by sequential models of memory-based decision making (Shadlen and Shohamy, 2016; Kraemer et al., 2022).448

According to our cognitive modeling efforts, participants applied a higher decision threshold to memory-based decisions,449

requiring them to sample information for a longer time period. At the same time, the rate of evidence accumulation, as450

indicated by the drift-scale parameter, was potentially lower, which suggests that memory-based information was less451

directive for the eventual decision outcome. We argue that these altered evidence accumulation dynamics may be linked452

to the additional cognitive demands of episodic retrieval in memory trials (Weilbächer et al., 2021). More specifically,453

when internal memory representations guide momentary evidence, individual samples may be less informative for the454
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Figure 5: Neuro-cognitive modeling. A Graphic illustration of the structure of the drift-diffusion model. Parameters are
depicted in circles, variables in rectangles. Arrows indicate how parameters and variables are related. Indices represent
the participant level p and the trial level t. B Probability distributions for δ and θ parameters. Full lines indicate the
posterior probability distribution of relevant parameters. Shaded areas indicate the 95%- highest density interval. Dotted
lines indicate the prior probability distribution. Vertical dashed lines indicate the parameter value which specifies the
null hypothesis.

valuation and action selection processes. The decision processes adapt to this situation by sampling for a longer time,455

which can lead to similar choice consistency but longer RT.456

In our study, we find clear indications that the LRP can be viewed as a neural marker of the onset of decision processes.457

While the LRP remains being mainly viewed as a motor component, it has originally been proposed as a "window on458

the mind and brain" (Coles, 1989). Coles and Gratton (1988) suggested to use the LRP as a neural marker of early459

communication, such that "when lateralization is observed, following stimulus presentation, the subject presumably460

has access to a particular aspect of the stimulus information" (p. 87). The LRP onset can therefore be considered as a461

measure of when external information from visual stimuli vs. internal information from memory begin to affect the462

action selection process (Gluth et al., 2013). Our findings are in line with this assumption as the delayed LRP onset463

coincided with a larger non-decision time estimate for memory trials. The onset of the decision process may thus be464

delayed due to additional time affordances of memory retrieval processes (note, however, that memory retrieval was465

likely not completed at the time of the LRP onset, see below). Concurrently, individual LRP onsets were informative to466

estimate non-decision times on the participant level, coherent with earlier findings in perceptual decision making (Van467

Vugt et al., 2014). These findings support the assumption that the LRP onset may serve as a neural marker for the end468

of pre-decisional non-decision time, and hence, the beginning of the evidence accumulation process. A more systematic469

test of this hypothesis is needed, for instance via an experimental manipulation of pre-decisional non-decision time470

and (Nunez et al., 2019) and the simultaneous measurement of LRP onsets. Nonetheless, the LRP onset bears great471

potential for estimating the time at which particular stimulus information is accessible to the neural system and can472

affect evidence accumulation, as has been discussed in recent neuroeconomic literature (Maier et al., 2020; Sullivan473

et al., 2015).474

Whereas the LRP onset was related to non-decision time, the other LRP properties we considered were unrelated475

to evidence accumulation: Slope and peak amplitude were not different between value and memory trials and were476

not informative for the estimation of drift scale and boundary separation on the individual level. Thus, we reject477

our initial hypotheses which stated that these properties may reflect evidence accumulation dynamics in this direct478

way. Unfortunately, we therefore lacked a neural marker of evidence accumulation to back up the differences in drift479

scale and boundary separation, as indicated by cognitive modeling. Another attempt, focused at the centro-parietal480
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Table 2: Parameter estimates of the neuro-cognitive drift-diffusion model.

Prior Posterior M Posterior sd 95%-HDI BF10

µTer N (−1, 1) -0.780 0.117 [-1.01,-0.55] -
σTer HN (0, 1) 0.670 0.086 [0.51,0.84] -
δTer N (0, 1) 0.315 0.041 [0.23,0.39] 2.69 ∗ 1011
θOnset N (0, 1) -0.128 0.020 [-0.17,-0.09] 1.56 ∗ 107
sTer,V alue HN (0, 1) 0.368 0.026 [0.32,0.42] -
sTer,Memory HN (0, 1) 0.438 0.020 [0.4,0.48] -
µa N (2, 1) 1.535 0.079 [1.38,1.69] -
σa HN (0, 3) 0.461 0.059 [0.35,0.58] -
δa N (0, 1) 0.372 0.039 [0.29,0.45] 2.22 ∗ 1018
θPeak N (0, 1) 0.028 0.020 [-0.01,0.07] 0.05
µScale N (0, 1) -0.929 0.091 [-1.11,-0.75] -
σScale HN (0, 1) 0.404 0.069 [0.28,0.54] -
δScale N (0, 1) -0.172 0.070 [-0.31,-0.04] 1.43
θSlope N (0, 1) 0.056 0.043 [-0.03,0.14] 0.1
µBias N (0, 1) -0.287 0.212 [-0.69,0.14] -
σBias HN (0, 1) 1.188 0.166 [0.9,1.54] -
δBias N (0, 1) -0.128 0.117 [-0.36,0.1] 0.21
µz N (0, 1) 0.024 0.034 [-0.04,0.1] -
σz HN (0, 1) 0.158 0.026 [0.11,0.21] -
δz N (0, 1) 0.010 0.027 [-0.05,0.06] 0.03

The table lists the respective prior distributions, mean of the posterior distribution, standard deviation
of the posterior distribution, the 95%-Highest density interval, and, where applicable, the Bayes
factor.

positivity – a component which has been linked to evidence accumulation in perceptual (O’Connell et al., 2012; Kelly481

and O’Connell, 2013), and value-based decision making (Pisauro et al., 2017) – was rejected as we did not observe482

the expected response-locked ramping activity of a putative CPP in our data (See Appendix 8). Given that also other483

authors struggled to establish a close relationship between CPP and evidence accumulation (Lui et al., 2021; Frömer484

et al., 2021), we notice that the field lacks the knowledge of EEG components which reflect evidence accumulation over485

a wider range of tasks.486

The two-stage model of valuation and action selection suggests two processes that contribute to decision making.487

Importantly, the model remains agnostic about whether valuation must have been terminated before action selection488

begins (Platt and Plassmann, 2013). Under this assumption of strictly serial processes, participants in our task would have489

completed episodic memory retrieval before starting the action selection process, because a proper value representation490

requires a precise memory of the choice option in our task. To investigate this, we aimed to identify neural signatures491

of memory retrieval and decision making, and to observe these signals as they unfold over time. However, we could492

not find a marker for (lateralized) memory signals as signs of replay, as other researchers did (Waldhauser et al., 2016,493

2012; Ede et al., 2019) (Appendix 8.2). Nonetheless, based on the timing of the LRP onset, we speculate that memory494

retrieval, valuation and action selection processes are unlikely to occur in a strictly serial manner: In cued recall (as495

required in our task) memory reinstatement occurs between 500 and 1,500 ms (see, Staresina and Wimber, 2019, for496

a review), and as the LRP onset was estimated at 235 ms in our task, we reason that action selection likely started497

before the critical time period for retrieval was reached. Hence, memory retrieval and action selection processes at least498

seem to run in parallel over some time. This is consistent with models following the parallel distributed processing499

doctrine (Hunt and Hayden, 2017; Yoo and Hayden, 2018) which argue for non-sequential and instead a largely parallel500

processing during value-based decision making.501

Moreover, the LRP onset results have important implications for sequential sampling models, which often assume502

that the duration of memory retrieval is related to (pre-decisional) non-decision time (Ratcliff and McKoon, 2008;503

Ratcliff et al., 2016; Shepherdson et al., 2018). Our findings support the notion that the requirement to retrieve relevant504

information from memory affects both, decision dynamics and non-decision time. How can future sequential sampling505

models account for memory-based decisions? First, non-decision time may be equipped with additional parameters506

which model the effects of memory retrieval, as we did in our study with the δTer and sTer parameters. Second,507

evidence accumulation dynamics should account for the fact that memory retrieval is not an instantaneous event but508

rather a process where information gets more vivid over time (presumably in theta rhythm, Kerrén et al., 2018; Staresina509
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and Wimber, 2019). Such retrieval processes could be embedded in sequential sampling models where the state of510

memory retrieval at a time causes non-linear accumulation dynamics, as have been proposed for conflict tasks (White511

et al., 2017) and in judgments drawing on semantic memory (van Maanen et al., 2012; Kraemer et al., 2021b). The512

validation of such models will crucially depend on the identification of temporally precise neural markers of the onset,513

continuation and termination of memory and decision processes.514

Research on episodic memory is often concerned with the question of whether qualitative information about an item515

is recollected or whether participants just sense a feeling of familiarity (e.g., Rugg and Curran, 2007; Wixted, 2007).516

Although we cannot rule out that participants might have (at least partially) relied on a sense of familiarity during the517

decision period, we consider it more likely that they were able to perform recollection of the choice options when518

making memory-based decisions. One reason for this assumption is that we limited our analysis to memory trials in519

which participants were able to verbally recall the snack being cued by the corresponding identicon in the subsequent520

recall period. Furthermore, participants exhibited equivalent choice consistency in memory and value trials, suggesting521

that they made well-informed decisions when being asked to retrieve the options from memory.522
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8 Appendices535

8.1 Appendix 1 - Identification of a memory signal536

We conceptualized the remember-and-decide task not only to measure the LRP as a process of action selection, but also537

to identify a neural signature of episodic memory retrieval, unrelated to the decision process. To do this, we aimed to538

exploit the bihemispheric organization of the visual memory system (Gratton et al., 1997). When participants encode539

information in one visual hemifield, the information is represented by neural activity in early visual brain areas of the540

contralateral hemisphere. If the laterally encoded stimulus is retrieved from episodic memory, a reactivation process541

can be measured from the same brain areas which originally encoded the stimulus (Waldhauser et al., 2012, 2016).542

We reasoned that, if this procedure worked in the remember-and-decide task, we would be able to identify a neural543

signature of memory retrieval and study the temporal inter-relation of memory and decision processes.544

During the encoding period, the identicon was presented in the center and the snack was presented either in the left or545

right visual hemifield. Participants maintained fixation on a red fixation dot in the center of the screen as ensured via546

online-eye tracking. When the identicon is presented in the decision period, we expected to see a signal of reactivation547

in those electrodes, which encoded the snack during the encoding period. To test this, we first identified electrode548

clusters which encoded visual information during the encoding period. In a second step, we tested if, during the decision549

period, those electrode clusters exhibited a hemisphere-specific reactivation, temporally locked to the presentation of550

the identicon.551

For step one, we focused on the encoding period. We extracted epochs between -700 to 2.200 ms, relative to the552

stimulus onset. Following the procedures by Waldhauser et al. (2016), we selected electrodes posterior to the central553

channels (Fig. 6, grey) and applied a current source density transformation. For every participant and electrode, we554

computed the time frequency representation (TFR) of the signal between 1 and 30 Hz using Morlet wavelets. The555

16



The dynamics of value-based choices from memory A PREPRINT

TFR was truncated to a time window [−.5, 2]s and baseline-corrected to a time window [−.5, 0]s (both relative to556

stimulus onset). After applying a z- transformation, for every participant, we averaged the TFR of the trials where557

snacks were presented on the right and left hemifield and subtracted the values to obtain the hemifield-specific power558

difference ∆TFR = TFRSnack:Left − TFRSnack:Right. A positive value means that the electrode exhibits stronger559

desynchronisation when the snack was presented in the right hemifield vs. when it was presented in the left hemifield560

(and vice versa for negative values). Accordingly, electrodes in the left hemisphere represent visual information in561

the right hemifield with positive ∆TFR, and electrodes in the right hemisphere represent information with negative562

values. We tested, whether the electrodes encode the visual information by performing permutation cluster tests (1,000563

permutations, critical p = .05). Those electrodes which contained a significant cluster were treated as encoding visual564

information. We identified two clusters which encoded visual information (Fig. 6, green).565

PO3 PO4
PO8

O1 O2

P5 P6 P8
P10

PO7

Figure 6: Identification of encoding electrodes. Plots show average power differences in time frequency representation
(∆TFR) between trials where snacks were encoded on the left vs. right hemifield. The drawing in the center pictures
the electrodes. Grey electrodes depict the electrodes which were tested for significant ∆TFR clusters. Green electrodes
were found significant in permutation cluster tests.

Next, we tested, whether we see hemifield-specific reactivation in the found electrode clusters. We extracted epochs566

from the decision period ([−.7, 2.2]s; baseline corrected [−.5,−.1], both relative to stimulus onset; z-transformed).567

We averaged the power values for both clusters and computed ∆TFR as above. Permutation cluster tests (1,000568

permutations) indicated no hemisphere-specific reactivation during decision trials (best left cluster: p = .17; best right569

cluster: p = .8, see Fig. 7).570

In sum, whereas we were able to identify electrodes which encoded the location of the snack, these clusters did571

not exhibit hemifield-specific reactivation as we predicted, based on the literature (Waldhauser et al., 2012, 2016;572

Ede et al., 2019). An additional decoding exercise (comparable to Kerrén et al., 2018), where we aimed to decode573

hemifield-specific activity from trials in the decision period, did not indicate periods of reactivation. We assume574

that this null finding is related to different task demands between the reactivation paradigms in the literature and the575

remember-and-decide task. Whereas the stimulus location is relevant to solve the task in the studies Waldhauser et al.576

(2012, 2016); Ede et al. (2019), in the remember-and-decide task, participants only need to extract information about577

the snack identity, not in which visual hemifield it was presented. Future studies aiming to study the inter-relation578

of memory retrieval and decision making might adopt experimental designs that facilitate the identification of neural579

activity related to stimulus identity.580
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Figure 7: Test for reactivation in both clusters. Plot shows average power differences in time frequency representation
(∆TFR) in the decision period. Both, the left cluster (electrodes O1, PO3, PO7 and P5) and the right cluster (electrodes
O2, PO4, PO8, P6, P8 and P10) show no statistically significant differences between trials, where the snack was encoded
in the left vs. in the right visual hemifield.

8.2 Appendix 2 - Centro-parietal positivity581

In addition to the LRP component, we tested whether another EEG component might yield a relationship to decision-582

making mechanisms. Specifically, we looked at the centro-parietal positivity (CPP, O’Connell et al., 2012; Kelly and583

O’Connell, 2013), a component recorded over centro-parietal areas (O’Connell et al., 2012; Kelly and O’Connell, 2013),584

which has been proposed as a neural marker for built-up rate of decision variables (like the drift-rate in terms of the585

DDM) in perceptual decisions and is presumably related to the P300 component (Twomey et al., 2015). This idea was586

extended to consumer choices decisions (Pisauro et al., 2017), according to which there should be an build-up several587

hundreds of milliseconds relative to the time of response. To check, whether this was the case in our data – and therefore588

whether the CPP might yield information about evidence accumulation in the remember-and-decide task – we extracted589

EEG epochs ([−1, .1] relative to the response) of the CPz electrode and averaged them over trials and participants. As590

can be inspected in Figure 8, the CPP characteristic of an response-locked signal build-up was not present in our data.591

Also, another approach including the simulation of response-locked evidence accumulation traces and correlation with592

EEG activity [similar to]Pisauro2017,Polania2014 did not allow the identification of a reliable build-up. Realizing that593

we had, in comparison to Pisauro et al. (2017), only relatively few trials and comparatively variable RT (in our case, RT594

could be up to 7 s; Pisauro et al., 2017, had a time limit of 1.25 s), it is possible that we lacked statistical power to draw595

conclusions from this null-finding. We therefore refrained from further analyses, noting, however, that several recent596

studies suggest a relatively high task-specificity of the CPP (Lui et al., 2021; Frömer et al., 2021).597
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Abstract

Semantic memory research often draws on decisions about the
semantic relatedness of concepts. These decisions depend on
cognitive processes of memory retrieval and choice formation.
However, most previous research focused on memory retrieval
but neglected the decision aspects. Here we propose the se-
quential sampling framework to account for choices and re-
sponse times in semantic relatedness decisions. We focus on
three popular sequential sampling models, the Race model,
the Leaky Competing Accumulator model (LCA) and the Drift
Diffusion Model (DDM). Using model simulations, we investi-
gate if and how these models account for two empirical bench-
marks: the relatedness effect, denoting faster ”related” than
”unrelated” decisions when judging the relatedness of word
pairs; and an inverted-U shaped relationship between response
time and the relatedness strength of word pairs. Our simula-
tions show that the LCA and DDM, but not the Race model,
can reproduce both effects. Furthermore, the LCA predicts a
novel phenomenon: the inverted relatedness effect for weakly
related word pairs. Reanalyzing a publicly available data set,
we obtained credible evidence of such an inverted relatedness
effect. These results provide strong support for sequential sam-
pling models – and in particular the LCA – as a viable compu-
tational account of semantic relatedness decisions and suggest
an important role for decision-related processes in (semantic)
memory tasks.

Keywords: Semantic memory; Memory Retrieval; Decision-
Making; Cognitive Modeling; Sequential Sampling Models

Introduction
As part of human declarative memory, semantic memory con-
tains our general knowledge about the world. Most theoreti-
cal perspectives view semantic memory as some kind of space
or structure, such as a network that carries conceptual repre-
sentations of objects in the world and the relationships be-
tween them (Jones, Willits, & Dennis, 2015). In this article,
we investigate the cognitive processes involved in retrieving
and acting on the strength of relationship between concepts,
commonly referred to as semantic relatedness. Specifically,
we evaluate three sequential sampling models as novel theo-
retical accounts for key empirical benchmarks in a frequently
used semantic relatedness task.

Two benchmarks of semantic relatedness decisions
The literature has proposed many tasks to behaviorally mea-
sure people’s representations of semantic relatedness (Kumar,
2020; Wulff et al., 2019). Here we focus on the semantic
relatedness decision task (SRDT), a two-alternative, forced-
choice task that requires participants to decide whether two

words are semantically related or not. Using this task, previ-
ous research has established two key benchmarks that models
of the underlying processes should be able to account for.

The first benchmark is the so-called relatedness effect, de-
scribing that ”related” responses tend to be given faster than
”unrelated” responses (Balota & Black, 1997). The related-
ness effect has been demonstrated repeatedly using the SRDT
(Karwoski & Schachter, 1948; Balota & Paul, 1996; Balota &
Black, 1997). The second benchmark is an inverted-U shaped
relationship between semantic relatedness and response times
(RTs), with strongly and weakly related words resulting in
shorter RTs than moderately related words. The inverted-U
shaped relationship was demonstrated by two recent stud-
ies (Kenett, Levi, Anaki, & Faust, 2017; Kumar, Balota,
& Steyvers, 2019) using a similar SRDT, but different ap-
proaches to semantic relatedness.

Both benchmarks have been linked to theoretical accounts
based on spreading activation in a semantic network (Collins
& Loftus, 1975). According to this and other accounts of
memory retrieval, such as random walks (Abbott, Austerweil,
& Griffiths, 2015) or compound cue mechanisms (Ratcliff &
McKoon, 1988, 1994), RTs are proportional to the distance
between two concepts within the network. In the case spread-
ing activation, distance determines the amount of activation
required to spread from one concept to the other. Spreading
activation, thus, produces faster responses to strongly-related
compared to moderately-related word pairs (see Kenett et al.,
2017), explaining half of the inverted U-shaped relationship.
It also predicts the relatedness effect, as long as ”related” re-
sponses are given to more strongly related word pairs than
”unrelated” responses (Balota & Black, 1997).

It remains unclear, however, how spreading activation
would explain faster responses to weakly as compared to
moderately related pairs, and whether spreading activation
alone is sufficient to explain the relatedness effect, or if other
decision-relevant processes such as response caution or re-
sponse competition play a role.

Present study
We propose that sequential sampling models, a popular mod-
eling framework in the field of judgment and decision making
(Busemeyer, Gluth, Rieskamp, & Turner, 2019; Ratcliff &
McKoon, 2008), can potentially account for the benchmarks
described above and help to illuminate the cognitive pro-



cesses underlying semantic relatedness decisions. Sequen-
tial sampling models assume an accumulation process that,
in essence, is similar to the notion of spreading activation and
embed it within a decision process. Next, we will describe
three prominent representatives of sequential sampling mod-
els and explain how they give rise to ”related” and ”unrelated”
decisions in the SRDT. Then, we present a simulation study
evaluating the model predictions with respect to the inverted-
U shaped relationship and the relatedness effect. Finally, we
present an analysis of existing data to test a novel prediction
derived from our simulation analysis.

Sequential Sampling Models
The family of sequential sampling models comprises numer-
ous different specifications. In order show that sequential
sampling models can account for empirical benchmarks of
the SRDT, we focus on basic implementations of three fre-
quently used variants, the Race model, the Leaky Compet-
ing Accumulator model (LCA) and the Drift-Diffusion Model
(DDM), following the implementations by Bogacz, Brown,
Moehlis, Holmes, and Cohen (2006). There exist more flex-
ible versions of these variants that might allow them to in-
dividually explain a broader set of phenomena (see General
Discussion). However, we would like to emphasize that the
goal of this study is not to provide decisive evidence between
these models but to investigate how the sequential sampling
framework in general can be used to identify mechanisms in
semantic relatedness decisions.

Race Model
The Race model formulates a decision process where inde-
pendent accumulators I1 and I2 accumulate noisy evidence
over time until one of them reaches a decision threshold Z
(see Figure 1). In this context, evidence is an abstract unit of
preference for either choice option.

To account for behavior in the SRDT, one accumulator
Irelated is set to an externally derived estimate of semantic re-
latedness of a given word pair. Conceptually, this accumu-
lator can be regarded as analogue to the strength of memory
trace activation within a spreading-activation account. The
accumulator, Iunrelated , is estimated from the data and serves
as a reference value against which Irelated is compared. Thus,
Iunrelated acts as decision criterion comparable to the criterion
in signal detection theory (Green & Swets, 1966). Specif-
ically, when Irelated is larger than Iunrelated , the agent likely
responds ”related” and vice versa. It is assumed that the two
accumulators are independent of each other.

Leaky Competing Accumulator Model
The Leaky Competing Accumulator model (LCA, Usher and
McClelland, 2001) also models the decision as a competition
between two accumulators 1. In contrast to the Race model,
however, the accumulators in the LCA are not independent,

1Note that we consider the implementation by Bogacz et al.
(2006), which, in contrast to the original implementation by Usher
and McClelland, permits negative accumulator states.

Figure 1: Sequential sampling models. The left panel illus-
trates two accumulators in the race model representing ”re-
lated” (orange) and ”unrelated” (blue) decisions in the SRDT.
The middle panel illustrates two decisions under the LCA,
subject to different levels of lateral inhibition. The right panel
illustrates the relative decision variable (gray) in the DDM
between two decision boundaries.

but influence each other through a lateral inhibition process
(w). Lateral inhibition inhibits the rate of one accumulator as
a function of the evidence state of the competing accumula-
tor. Figure 1 illustrates that lateral inhibition can both speed
up (solid lines) and slow down (dashed lines) the divergence
of the accumulators, depending on how similar the accumu-
lation rates are. Finally, the LCA is equipped with a leakage
parameter k that results in a decay of evidence over time.

To account for behavior in the SRDT, Irelated is set equal to
the semantic relatedness of two words. The leakage k and the
within-trial noise c are fixed. All other parameters, including
Iunrelated , lateral inhibition w, and threshold Z are estimated
from the data.

Drift Diffusion Model

In contrast to the other two models, the DDM assumes a pro-
cess of relative evidence accumulation. Specifically, the ac-
cumulation drifts according to a Wiener process in-between
two decision boundaries, one for each response option, until
one of them is reached. The direction and rate of accumula-
tion is determined by the drift-rate ν. Additional model pa-
rameters include a boundary separation a, often interpreted
as response caution, a starting point bias z, representing an
a-priori preference towards either option, and a non-decision
time Ter, reflecting sensory and motor preparatory processes.

To account for behavior in the SRDT, the drift-rate ν is
equal to the difference between the semantic relatedness and
the reference value (i.e., ν = Irelated − Iunrelated). Within-trial
noise c is fixed. All other parameters are estimated from the
data.

Simulation of semantic relatedness decisions

To investigate how well the three models can account for the
inverted-U shaped relationship of RTs and the relatedness ef-
fect, we generated data from each of the three models using
a range of plausible parameter values and analyzed whether
and how consistently they produce the two benchmark effects
in question.



Simulation details
Parameter values for the two parameters, Irelated and Iunrelated ,
were chosen as follows. Irelated = (.09, .20, .32, .43, .60) was
set to five different levels representing low, low-medium,
medium, medium-high, and high relatedness. The exact val-
ues were derived by calculating the cosine similarity val-
ues of a representative word-pair data set (Bruni, Tran, &
Baroni, 2014), using the fastText word2vec model (Grave,
Bojanowski, Gupta, Joulin, & Mikolov, 2018). Iunrelated =
(.20, .26, .32, .38, .43) was set to five values ranging between
”low-medium” and ”medium-high” relatedness. This range
was chosen to allow Irelated to be either smaller, equal or
larger than Iunrelated .

The threshold parameter Z = (.05, .10, .15, .20, .25) in the
Race model and the LCA, and the boundary separation a =
(.05, .10, .15, .20, .25) in the DDM were set to five equally
spaced levels in a range taken from a recent simulation study
on the LCA (Miletić, Turner, Forstmann, & Maanen, 2017).
Following the same study, the within-trial noise c was set to
.01, and the lateral inhibition parameter w = (.5,1,2,4) was
set to four different values. The leakage parameter k was fixed
to 1. The non-decision time Ter of the DDM was set to a
plausible value of .2. We chose three levels of starting point
bias z, reflecting an a-priori bias towards ”unrelated” (z < .5)
and ”related” (z > .5), as well as an unbiased DDM (z = .5).

For each parameter combination, we simulated a total of
10,000 semantic relatedness decisions and associated RTs. To
limit computational load, responses were simulated up to a
maximum response time of 7 seconds. Trials that would have
taken longer were rejected.

Inverted-U shaped relationship
Figure 2 shows the relationships between relatedness and RTs
produced by the three models under the various parameter
combinations. The results for the Race model revealed a
strictly monotone relationship, with higher levels of related-
ness being associated with lower RTs. Hence, the Race model
did not produce the inverted-U shaped relationship.

For nearly all parameter combinations, the LCA exhibited
an inverted-U shaped relationship between relatedness and
RTs. Only for the smallest values of the criterion parame-
ter Iunrelated , the threshold parameter Z, or the lateral inhibi-
tion parameter w, this pattern did not emerge. Conversely, the
inverted-U shaped relationship tended to be more pronounced
for large criterion, threshold, and inhibition parameters. The
pattern produced by the LCA exhibited a consistent right-
skew, with moderately-low relatedness exhibiting the slowest
RTs and very high relatedness being associated with faster
RTs compared to very low ones. This pattern was particularly
pronounced for low criterion (Iunrelated) values and attenuated
for high criterion values.

The results for the DDM revealed equally consistent
inverted-U shaped relationships. In contrast to the LCA, the
DDM tended, on average, to produce symmetric relationships
centered around Irelated ≈ Iunrelated , where the drift was min-

imal (Ratcliff & Rouder, 1998). The slope of the inverted-U
shape scaled with boundary separation. The inverted-U shape
was skewed to either side depending on whether the starting
point bias favored the ”related” or ”unrelated” decision.

Taken together, the LCA and DDM but not the Race model
produced the inverted-U shaped relationship of RTs. These
results are consistent with previous research showing that in-
dependent accumulator models fail to account for inverted-U
shaped RTs associated with choice difficulty (Teodorescu &
Usher, 2013). It suggests that the lateral inhibition process in
the LCA, which introduces accumulator dependency and dis-
tinguishes it from the Race model, and the relative accumula-
tion in the DDM are chiefly responsible for model’s abilities
to account for the inverted-U shaped relationship.

Relatedness effect
To assess how well the candidate models can account for the
relatedness effect, we calculated for each simulation the stan-
dardized difference in RTs between ”related” and ”unrelated”
measured as Cohen’s d. Figure 3 shows these differences as a
function of the difference between Irelated and Iunrelated , with
positive values of Cohen’s d reflecting a positive relatedness
effect.

As illustrated in Figure 3, the Race model simulation re-
sults demonstrate a consistently linear relationship across pa-
rameter combinations, where Cohen’s d values grow steadily
from a substantial negative relatedness effect for negative dif-
ferences between Irelated and Iunrelated towards a substantial
positive relatedness effect for positive differences. Thresh-
old values moderated this relationship, with large thresholds
resulting in a steeper relationship than lower ones. These re-
sults imply that the Race model predicts the relatedness ef-
fect for Irelated > Iunrelated and an inverted relatedness effect
for Irelated < Iunrelated . The LCA simulation results exhibit the
same positive linear relationships as the Race model, with a
similar moderation of the effect size by the threshold and lat-
eral inhibition parameters. Overall the relationships emerged
as somewhat more extreme for the LCA, with high threshold
and high lateral inhibition values resulting in stronger effects.

In contrast to the Race and LCA models, the DDM sim-
ulation results showed only weak differences between RTs
for ”related” and ”unrelated” responses2. If anything, we
found a slightly negative relationship between the difference
in Irelated > Iunrelated and effect size. That is, the DDM pre-
dicted an inverted relatedness effect for Irelated < Iunrelated and
a conventional relatedness effect for Irelated > Iunrelated . The
boundary separation and starting point bias had no systematic
effect on the direction of this relationship. However, changes
in starting point resulted in additive shifts that implied either
a consistent conventional (z > .5) or inverted (z < .5) related-
ness effect irrespective of the difference between Irelated and
Iunrelated .

2This finding is consistent with the property of (unbiased) dif-
fusion processes to yield equal expected RTs for both alternatives
(Ratcliff & McKoon, 2008). This constraint is relaxed when assum-
ing between-trial variability in drift-rate (see General Discussion).



Figure 2: Response times as a function of semantic relatedness (Irelated) for the Race model (left column), the LCA (middle
column), and the DDM (right column). The rows show the predictions pooled across all simulations (first), as well as stratified
for decision reference values Iunrelated (second), decision threshold Z and boundary separation a values (third), and lateral
inhibition k and starting point bias z values (fourth).

In sum, all the three models are in principle able to predict
the relatedness effect, but they do so to different degrees, un-
der different circumstances, and using different mechanisms.
For all parameter combinations, the Race and LCA mod-
els predicted a relatedness effect, but only when Irelated >
Iunrelated . The DDM on the other hand predicted a constant re-
latedness effect independent of the difference between Irelated
and Iunrelated , but only in the presence of a starting point
bias. These differences in model predictions suggest a novel,
critical test for cognitive mechanisms underlying the SRDT:
Does the relatedness effect emerge consistently across differ-
ent levels of relatedness or could there be an inverted relat-
edness effect for less strongly related word pairs? In the next
section, we will use empirical data to investigate this ques-
tion.

The Inverted Relatedness Effect
To test the prediction of an inverted relatedness effect for
weakly-related word pairs, we reanalyzed a publicly available
data set by Kumar et al. (2019). In this study, N = 40 partic-
ipants from Amazon Mechanical Turk performed 240 trials
in a SRDT as described above. To be able to analyze RTs as
a function of relatedness, we determined for each word pair
cosine similarity scores using the fastText word2vec model
(Grave et al., 2018). As done in previous analyses (Kumar
et al., 2019; Kenett et al., 2017), we excluded trials with ex-
tremely short RTs (< 250 ms) since they are unlikely to have
arisen from an evidence-accumulation process. In total, we
analysed on average 220.7 (SD = 26.8) trials per participant,
for which cosine values could be determined.

Figure 4 illustrates the relationship between relatedness
(cosine similarity) and response time for both ”related” (or-
ange) and ”unrelated” (blue) decisions. For the upper range of
cosine similarity values (cosine > .4) the data show the con-



Figure 3: Relatedness effect in Cohen’s d as a function of accumulation rate difference (Irelated− Iunrelated) for the Race model
(left column), the LCA (middle column), and the DDM (right column). The rows show the predictions pooled across all
simulations (first), as well as stratified for decision threshold Z and boundary separation a values (second), and lateral inhibition
k and starting point bias z values (third).

ventional relatedness effect, where ”related” responses are on
average faster than ”unrelated” responses. For the remaining
lower range, however, we observe the inverted relatedness ef-
fect, where ”related” responses are actually slower than ”un-
related” responses.

To confirm the above effect, we ran a Bayesian linear ran-
dom effects model with random effects on the participant
level. Consistent with the reversal of relatedness effects, we
found a credible interaction effect of cosine similarity × re-
sponse type on log RTs (95% highest posterior density inter-
val, HDI: [−.68,−.42]). Also, there were main effects of co-
sine similarity (95% HDI: [.09, .28]) and response type (95%
HDI: [.14, .25]), indicating slower RTs for more related pairs
and for ”related” responses, respectively. The former implies
that, unlike previous studies, the current data set did not pro-
duce the conventional relatedness effect on aggregate3.

The reversal of relatedness effects for low relative to high
relatedness values is inconsistent with the DDM, which can
only account for constant relatedness effects, but is predicted
by the Race and LCA models. Another noteworthy observa-
tion from Figure 4, lending further support for the LCA, is the
noticeable right-skew in distribution of RTs, which is consis-

3The regression analysis additionally controlled for two other
known influences on RTs, word frequency (95% HDI: [−.01, .05])
and word length (95% HDI: [.01, .03]), of which the latter effect was
credible (longer words led to higher RTs).

tent with the shape of LCA’s simulation results (Figure 2).

Figure 4: Empirical log RTs as a function of word2vec cosine
similarity for ”unrelated” (plus, blue) and ”related” responses
(circle, orange). Regression lines for both response types are
depicted with 95% bootstrapped confidence intervals.

General Discussion
Semantic relatedness is a key concept in cognitive science
that underlies models of human memory, reasoning, and cre-



ativity. The behavioral output of these models is oftentimes
thought to be linked directly to estimates of semantic relat-
edness as derived, for instance, using vector-space models.
This has resulted in a simplified view of semantic relatedness
decisions, where the probability of a ”related” decision and
associated response times are thought to be proportional to
the strength of semantic relatedness. Our results suggest that
this view needs correction. We demonstrated that the class
of sequential sampling models, which is regularly employed
for various kinds of decisions, such as old-new decisions in
recognition memory (Ratcliff, 1978) or preferential choices
between monetary lotteries (Busemeyer & Townsend, 1993),
can fully account for existing and novel benchmarks of se-
mantic relatedness decisions. The LCA achieved this by not
only considering the strength of semantic relatedness, but also
a reference level against which semantic relatedness is eval-
uated, as well as competition between the responses. These
results highlight the importance of decision-related processes
in behavior pertaining to semantic relatedness and suggest in-
teresting avenues for future scientific inquiry.

Table 1: Phenomena explained.

Race LCA DDM
Inverted U Shape

√ √
Relatedness effect

√ √ √
Interaction effect

√ √

A key implication of our results is that semantic related-
ness decisions are likely to be susceptible to typical decision-
related phenomena such as sensitivity to differences in base
rates or incentives, or to strategic tendencies, such as embod-
ied by speed-accuracy trade-offs. This is fully consistent with
resource-rational accounts of memory retrieval (Dougherty,
Harbison, & Davelaar, 2014), according to which the contin-
uation of retrieval processes is subject to an assessment of
costs and benefits. We believe that formal accounts as pre-
sented by sequential sampling models can be instrumental in
describing and predicting existing and novel phenomena in
this direction, especially due to their ability to jointly account
for choice and response times (Kraemer, Fontanesi, Spektor,
& Gluth, 2020; Wilson & Collins, 2019).

Among the sequential sampling models considered in the
present study, only the LCA was able to account for the estab-
lished benchmarks and the inverted relatedness effect (see Ta-
ble 1). The failure of the Race model and the DDM to account
for some of the benchmarks might be due to the model speci-
fications in our study. Alternative specifications of the models
could account for the benchmarks in question. For instance,
an extended form of the DDM (Ratcliff & McKoon, 2008)
depends on additional between-trial variability parameters
which allow the model to account for a wider range of em-
pirical phenomena (Ratcliff & Smith, 2004). The between-
trial variability of drift-rate would allow the extended DDM
to predict ”slow errors”, thereby potentially accounting for

the inverted relatedness effect for weakly related word pairs.
The Race model, on the other hand, could be formulated as
an advantage Race model (van Ravenzwaaij, Brown, Marley,
& Heathcote, 2020; Miletić et al., 2021), which should help
to account for the inverted-U shape. Future work interested in
arbitrating between these models should consider a more di-
verse set of model variants. In the present study, however, our
main goal was to establish sequential sampling models as a
general framework to explain and predict empirical phenom-
ena that memory retrieval processes alone cannot explain.

Our findings also tie into an ongoing discussion on disen-
tangling representational (structures) and the cognitive pro-
cesses that draw on it (Siew, Wulff, Beckage, & Kenett, 2019;
Kenett, Beckage, Siew, & Wulff, 2020). It has been argued
that computational modeling may be one route to potentially
accomplishing this (Kumar, 2020; Wulff et al., 2019). Ap-
proaches in this direction typically consider a representational
structure, such as a word-vector space or a free-association
network, and retrieval processes, such as such as spreading
activation or random walks (Siew et al., 2019). Some of
these retrieval processed include elements of decision pro-
cesses, such as Luce choice rule to transform memory activa-
tion to response probabilities (Jones, Gruenenfelder, & Rec-
chia, 2018; Wulff, Hills, & Hertwig, 2013). However, with
few exceptions (e.g, Jones et al., 2018), these elements are
viewed as auxiliary assumptions rather than an integral part
of the cognitive processes underlying behavior. Based on our
results, we would argue that there is much to gain by tak-
ing decision-related processes more seriously. One route to
doing this could be to integrate sequential sampling models,
such as the LCA, with plausible memory frameworks, with
the goal of building joint models of representational structure,
retrieval processes, and decision processes.
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