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A B S T R A C T

Enabling people to reduce their consumption of unhealthy appetitive products can improve their health. Over the 
last decades, progress has been made by uncovering new ways to change behavior toward appetitive products 
without feedback incentives (e.g., reward or punishment, as in feedback-driven reinforcement learning), but 
instead by cueing motor responses (e.g., go vs. no go) toward these products in cognitive training tasks. However, 
it is unclear how this nonreinforced learning compares to reinforcement learning. Moreover, recent work on 
reinforcement learning has uncovered a basic learning mechanism, the action–valence asymmetry, which points 
to the possibility that reward and punishment learning may not always outperform learning without any external 
reinforcement. Here, we report two well-powered preregistered experiments (experiment 1a: N = 72; experiment 
1b: N = 81) that examined when reinforcement learning outperforms nonreinforced learning in modifying 
people’s preferences for food. Our findings show that reinforcement learning notably surpasses nonreinforced 
learning, but only when active responses (go) are rewarded, and inactions (no-go) are reinforced by avoiding 
punishments. These results shed light on interventions that combine rewards and punishments to facilitate 
changes in food preferences.

1. Introduction

Incremental daily choices can lead to substantial life outcomes. For 
example, everyday dietary choices are likely to influence long-term 
physical health (Estacio, 2018). Unfortunately, changing such choices 
is difficult, as established behavioral patterns are often elicited by 
deeply learned habitual or hedonic responses to the environment, which 
may interfere with intentions to change behavior (Estacio, 2018; Mar
teau et al., 2012). Thus, promoting new behavioral patterns toward 
appetitive products such as food items requires understanding of how 
learning mechanisms can be employed to change choices. In the present 
work, we aim to compare the effects of different learning mechanisms on 
food choices, and examine how reinforcing go and no-go responses 

versus not reinforcing go and no-go responses during training influences 
subsequent food preferences.

One prominent form of learning is reinforcement learning, where 
different courses of action lead to either reward or punishment, and 
individuals learn by trial-and-error to find out how to maximize rewards 
and minimize punishments. Such reinforced responses become preferred 
and are more likely to be repeated (Sutton & Barto, 2018). There is 
evidence that food choices can be changed through reinforcement 
learning. For example, in one study, adult participants performed a bi
nary food choice task in which they chose between appetitive junk food 
items that had high versus low subjective value as assessed by a pretest 
calibration procedure. This choice task was preceded by a reinforcement 
learning training task in which choices for only low value food items 
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were rewarded. In the testing phase, this reinforcement learning 
increased the probability of choosing low versus high value items in 
choice pairs where choices for low value food items had been reinforced 
compared to control choice pairs (Schonberg et al., 2014).

Interestingly, recent studies show that nonreinforced learning tasks 
in which people respond (or not respond) to food items without reward 
and punishment can also influence subsequent food choices. These tasks 
have two key features: responses are cued (e.g., an auditory tone 
signaling the correct response) instead of reinforced through trial and 
error, and the absence of external reinforcers after responding (Chen 
et al., 2019; Schonberg et al., 2014). Over the past two decades, three 
nonreinforced learning tasks in particular, cue-approach training (CAT) 
(Bakkour et al., 2016; Schonberg et al., 2014), go/no-go training (GNG) 
(Chen et al., 2016; Houben & Jansen, 2015; Lawrence et al., 2015; Liu 
et al., 2022), approach/avoidance training (AAT) (van Alebeek et al., 
2023; Veling et al., 2021) have been used to alter food preferences. In 
these tasks, participants respond to food items labeled as go or no-go 
based on specific cues (Quandt et al., 2019; Veling et al., 2022), or 
emit approach or avoidance responses to food items (Becker et al., 2015; 
van Alebeek et al., 2023). CAT differs from GNG in having fewer go trials 
and adjusting cue timing based on performance to increase task diffi
culty (Schonberg et al., 2014), and AAT differs from GNG in training 
different behavioral responses, i.e., approach/avoidance responses 
rather than mere go/no-go responses (Veling et al., 2021).

Despite slight differences between the training procedures (for a 
discussion see Veling et al., 2022), CAT, GNG, and AAT consistently shift 
preferences toward go (approach) food items, with an approximately 
55%–60% choice rate for go (approach) food items over no-go (avoid
ance) items (Table S1 in supplemental materials). This high consistency 
in effects across studies and tasks elicited by nonreinforced training 
caught our attention. It made us curious about the extent to which 
training effects would be stronger with application of reinforcement 
learning. While intuitively it seems reasonable to assume reinforced 
learning is in general more effective than nonreinforced learning to 
change preferences (see also Van Dessel et al., 2018 for work on adding 
evaluative consequences to a nonreinforced approach/avoidance 
training), here we propose reinforcement learning may not always work 
better than nonreinforced learning to boost food preference change. This 
counter-intuitive logic might be understood by considering how the 
so-called Pavlovian bias (Guitart-Masip et al., 2012) during learning can 
impact subsequent food preferences.

Specifically, previous work showed that learning of go/no-go re
sponses to fractal items is asymmetrical under reward and punishment 
conditions, respectively. Go responses are easier to learn when they are 
instrumental to obtain a reward (GoToWin) compared to when they are 
instrumental to avoid punishment (GoToAvoidPunishment), and no-go 
responses are easier to learn when they are instrumental to avoid pun
ishment (NoGoToAvoidPunishment) compared to when they are 
instrumental to obtain a reward (NoGoToWin). This so-called 
action–valence asymmetry is attributed to a hard-wired Pavlovian bias 
(Guitart-Masip et al., 2014). It is currently unclear 1) how such valence 
asymmetries during learning about food items translates into prefer
ences for these food items, and 2) how this compares to nonreinforced 
learning. We conducted two preregistered experiments to provide pre
liminary investigations on these questions.

Experiment 1a employed a reinforcement learning GNG task—RL 
GNG—modified from previous work (Cavanagh et al., 2013; Gui
tart-Masip et al., 2012). This task comprised four within-subject condi
tions (GoToWin, GoToAvoidPunishment, NoGoToWin, and 
NoGoToAvoidPunishment), with participants providing either a go or 
no-go response to food items in each condition. Participant’s task was to 
learn which response was normatively the best response (e.g., go in the 
case of a GoToWin food item). In the GoToWin and GoToAvoidPunish
ment conditions, go responses were reinforced by rewards and by the 
avoidance of punishments, respectively, while no-go responses resulted 
in neutral outcomes in both conditions; in the NoGoToWin and 

NoGoToAvoidPunishment conditions, no-go responses were reinforced 
by reward and by the avoidance of punishment, respectively, while go 
responses resulted in neutral outcomes in both conditions.

Immediately after the RL GNG, participants were asked to make bi
nary choices between go and no-go food items from the different con
ditions, each linked to a specific learning condition (Table 1). We 
assessed food preferences based on how often participants chose go over 
no-go items (e.g., if the choice rate of go items is credibly larger than 
50%, it indicates that participants favor go items). Given that previous 
work has shown participants find it much easier to learn the GoToWin 
and NoGoToAvoidPunishment conditions on the one hand compared to 
the GoToAvoidPunishment and NoGoToWin conditions on the other 
hand, we hypothesized that these conditions would differentially in
fluence food preferences for go over no-go food items. Specifically, when 
after the learning participants make binary choices between go and no- 
go items, we expected the preference for GoToWin items to be higher in 
GoToWin_vs_NoGoToAvoidPunishment food choice pairs than in all 
other food pairs involving a go and no-go item, as the other food pairs 
involve at least one suboptimal learning condition (i.e., GoToWin versus 
NoGoToWin; GoToAvoidPunishment versus NoGoToAvoidPunishment; 
GoToAvoidPunishment versus NoGoToWin). For instance, the proba
bility to choose a go item should be higher in the GoToWin_vs_ NoGo
ToAvoidPunishment comparison than in the GoToWin_vs_NoGoToWin 
comparison, because previous research suggests that NoGoToWin is a 
suboptimal learning condition.

Experiment 1b employed a nonreinforced GNG without feedback. 
This nonreinforced GNG included two Go and two NoGo conditions as 
well, but no reward and punishment reinforcers were provided for any 
go/no-go responses. In the two Go conditions, go responses were cued by 
two different visual go cues; in the two NoGo conditions, no-go re
sponses were cued by using two other different visual no-go cues. 
Immediately after the nonreinforced GNG, participants completed a 
similar binary choice test as explained above. In this test, participants 
made binary choices between go and no-go food items that had been 
used as stimuli in the Go and NoGo conditions. For the preference test in 
Experiment 1b, we hypothesized that participants would prefer go items 
over no-go items. This hypothesis aligns with findings from previous 
work described above (Chen et al., 2019).

For both experiments, we preregistered hypotheses, power-analysis, 
and strategy of data-analysis on Open Science Framework (Experiment 
1a: https://osf.io/gnj52; Experiment 1b: https://osf.io/yzjtd). Experi
mental materials, data, and analyses scripts are also publicly available at 
(Experiment 1a: https://osf.io/7hrka/; Experiment 1b: https://osf. 
io/4qpxn/).

We pre-registered the following hypotheses tests: 1) For the RL GNG, 
a higher learning accuracy should be found in the GoToWin (versus 
GoToAvoidPunishment) and NoGoToAvoidPunishment (versus NoGo
ToWin) conditions, respectively. 2) For the preference test in Experi
ment 1a, we expected stronger preference for GoToWin items in the 
GoToWin_vs_NoGoToAvoidPunishment comparison than in the other go 
versus no-go comparisons. 3) For the preference test in Experiment 1b, 

Table 1 
Experimental choice pairs in the food choice task of Experiments 1a and 1b.

Experiment 1a Experiment 1b

GoToWin_vs_NoGoToWin GoBlue_vs_NoGoOrange
GoToWin_vs_NoGoToAvoidPunishment GoBlue_vs_NoGoPink
GoToAvoidPunishment_vs_NoGoToWin GoTeal_vs_NoGoOrange
GoToAvoidPunishment_vs_NoGoToAvoidPunishment GoTeal_vs_NoGoPink
GoToWin_vs_GoToAvoidPunishment GoTeal_vs_GoBlue
NoGoToWin_vs_NoGoToAovidPunishment NoGoOrange_vs_NoGoPink

Note: In the column Experiment 1b, the words Blue, Orange, Teal, Pink refer to 
the colors of frames that surround go or no-go food pictures. It should be noted 
that such frame colors are arbitrary and have no theoretical meaning, unlike 
those in Experiment 1a. In other words, the go/no-go choice pairs in Experiment 
1b are equivalent to one another.
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we expected an overall preference for go over no-go items.

2. Method

2.1. Transparency and openness

We report how we determined our sample size, all data exclusions (if 
any), all manipulations, and all measures in the study, and we follow 
Journal article reporting standards (Appelbaum et al., 2018). All data, 
analysis code, and research materials are available at (Experiment 1a: 
https://osf.io/7hrka/; Experiment 1b: https://osf.io/4qpxn/). Data 
were analyzed using R, version 4.2.1 (R Core Team, 2022) and the R 
package ggplot2, version 3.3.6 (Wickham, 2016) and the R package 
brms, version 2.17.0 (Bürkner, 2017).

2.2. Sample size and participants

We conducted a Bayesian power analysis to calculate the sample size 
based on our two hypotheses for the learning phase of reinforcement 
learning GNG. Simply put, we conducted 100 simulations, each with a 
hypothesized sample size. We used prior parameter estimates that 
extracted from previous work to generate data for each simulation. 
Subsequently, we applied our pre-registered statistical models to each 
dataset. If at least 80% of the simulations supported our hypoth
eses—aligning with Frequentist criteria—we considered this sample size 
justified. See our preregistration for details. Simulations revealed that a 
sample size of 72 participants ensured a power of 80% to reach credible 
differences.

We recruited 72 (19 males, 53 females, Mage = 24.17 years, SDage =

3.73) participants in Experiment 1a. Experiment 1b had the same 
planned sample size as Experiment 1a, but the actual sample size was 81 
(55 males, 23 females, 3 non-binary, Mage = 23.07 years, SDage = 2.61) 
due to multiple online sign-ups for the final timeslot. All participants 
provided informed consent and the ethical committee at the Faculty of 
Social Science at the Radboud University approved the study (ECSW- 
2019-003).

2.3. Experimental procedure overview

Both experiments included three identical sequential tasks (food 
rating task, reinforced/nonreinforced GNG, food choice task), except for 
the structure of the GNG (Figs. 1 and 2). We programmed all three tasks 
in JavaScript using JsPsych (de Leeuw, 2015) and ran both experiments 
online via the platform Pavlovia (Bridges et al., 2020) due to COVID 
pandemic.

2.3.1. Food rating task
Participants first performed a rating task in which they evaluated 

sixty food items that were selected from the food-pic database (Blechert 
et al., 2019). Each trial started with a specific food picture presented at 
the center of the screen. Participants were asked to rate the food item on 
a 200-point scale (0 = Not appealing at all, 200 = Very appealing).

After the rating task, the experimental program ranked all sixty food 
items from the highest value to the lowest value of their perceived 
attractiveness, and then selected four items with rank 29 to 32 for each 
participant, so that for each participant the experimental items were 
comparable in value and there was room to increase and decrease in 
value. Next, these four items were allocated to four conditions that 
would be used in the RL/nonreinforced GNG (panel B in Fig. 1 and panel 
C in Fig. 2) in a counterbalanced manner to match the average item rank 
among the four conditions across participants. In addition to these four 
experimental items, the program also selected 12 filler items to create 
pairs differing in value to validate that participants choose items with 
the highest subjective value on these filler trials. See Fig. S1 (supple
mental materials) for details of this item selection and allocation 
procedure.

2.3.2. Reinforcement learning GNG
Next, participants in Experiment 1a performed the reinforcement 

learning GNG where four conditions were included and each condition 
contained one specific food item. Each trial started with presenting one 
of four food items (for 1500 ms), and participants had only two action 
choices—go (press the ‘F’ key) and no-go (do not press any key)—toward 
the food items. After participants performed the action choice, they 
received one of three outcomes displayed for 2000 ms: a reward (‘WIN 1 
point’), a punishment (‘LOSE 1 point’) or an neutral outcome (‘WIN 
0 point’/‘LOSE 0 point’). Outcomes depended on the four conditions and 
were probabilistic. In the GoToWin condition performing go responses 
resulted in a reward (‘WIN 1 point’) 80% of the time and a neutral 
outcome (‘WIN 0 point’) 20% of the time, while performing no-go re
sponses resulted in a neutral outcome (‘WIN 0 point’) 80% of the time 
and a reward (‘WIN 1 point’) 20% of the time. In the GoToAvoidPun
ishment condition performing go responses resulted in a neutral 
outcome (‘LOSE 0 point’) 80% of the time and a punishment (‘LOSE 1 
point’) 20% of the time, while performing no-go responses resulted in a 
neutral outcome (‘LOSE 0 point’) 20% of the time and a punishment 
(‘LOSE 1 point’) 80% of the time. In the NoGoToWin condition per
forming no-go responses resulted in a in a reward (‘WIN 1 point’) 80% of 
the time and a neutral outcome (‘WIN 0 point’) 20% of the time, while 
performing go responses resulted in a neutral outcome (‘WIN 0 point’) 
80% of the time and a reward (‘WIN 1 point’) 20% of the time. In the 
NoGoToAvoidPunishment condition, performing no-go responses 
resulted in a neutral outcome (‘LOSE 0 point’) 80% of the time and a 

Fig. 1. Experimental procedure. (Panel A) Food rating task (Experiments 1a and 1b). Participants rated 60 food items on their perceived attractiveness. (Panel B) 
Reinforcement learning go/no-go task (Experiment 1a). Participants learned to choose the go or no-go action toward a specific food item via feedback-driven 
learning. Specifically, participants’ go or no-go actions were reinforced through obtaining rewards for responding or not responding to specific foods (GoToWin 
and NoGoToWin conditions, respectively), or through avoiding punishments by responding or not responding to specific food items (respectively GoToAvoidPun
ishment and NoGoToAvoidPunishment conditions). See text for details.
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punishment (‘LOSE 1 point’) 20% of the time, while performing go re
sponses resulted in a neutral outcome (‘LOSE 0 point’) 20% of the time 
and a punishment (‘LOSE 1 point’) 80% of the time. In short, the 
probability of the correspondingly assigned outcome was 80%, and the 
neutral outcome (“zero points”) was received otherwise (20% proba
bility). Finally, each trial ended with an inter-trial-interval (ITI) 
randomly varied from 1000 ms to 1750 ms, in steps of 150 ms.

This reinforcement learning GNG included four blocks and all four 
conditions were intermixed in each block. There were 15 trials per 
condition in each block, resulted in 60 trials per block and 240 trials in 
total.

Before starting the task, participants were instructed that each con
dition included two action choices, and that one action choice would 
lead to better outcomes (i.e., more points which would at the end be 
converted to money) than the other action choice. Thus, participants 
were asked to learn from responding and observing the outcomes to find 
out which was the best action choice for each food item. Participants 
were instructed about the probabilistic nature of the task as well.

2.3.3. Nonreinforced GNG
In the nonreinforced GNG (Experiment 1b), participants were 

trained on both go and no-go actions toward specific food items without 
reinforcement (i.e., outcomes), but the responses were cued. There were 
two trial types: (1) go trials where a visual go cue was consistently 
paired with a specific food item and participants were instructed to 
respond to such cues (i.e., 100% contingency), and (2) no-go trials in 
which a visual no-go cue was consistently paired with another food item, 
and participants needed to withhold responses when no-go cues were 
presented. Note that to mimic the reinforcement learning, this non
reinforced GNG that had also four conditions: We included two Go 
conditions using two different go cues, and two NoGo conditions with 
two different no-go cues.

Each trial stared with presenting one specific food item for 300 ms. 
Next, a frame—the cue—appeared and surrounded this picture for 1200 
ms (irrespective of giving a response or not), and participants chose the 
go or no-go action based on the frame color. In one Go condition the cue 
was a teal frame, and that for the other Go condition was a blue frame. 
For one NoGo condition the cue was an orange frame, and for the other 
NoGo condition was a pink frame. Finally, each trial ended with an inter- 
trial-interval (ITI) randomly varied from 1000 ms to 1750 ms, in steps of 
150 ms. Both block and trial structures were identical to the reinforce
ment learning GNG. Note that we paired each food item with each cue 
with a 100% contingency as previous work suggests that effects of 
nonreinforced training with GNG weaken when this contingency is 
lower (Jones et al., 2016).

2.3.4. Food choice task
Finally, participants performed a food choice task. Each trial started 

with presenting two food items simultaneously (for 1500 ms), and 
participants were requested to choose the food item they would prefer to 
eat at the moment (within this 1500 ms) by pressing either the left arrow 
key (choosing the left item) or the right arrow key (choosing the right 
item). After making a choice, the chosen item was surrounded by a green 
frame for 2000 ms as confirmation. This food choice task included eight 
blocks, each block included 12 choice pairs that were presented in 
random order to participants, resulting in 96 choice pairs in total. We 
counterbalanced the left-right position within each choice pair across 
the blocks.

Each block included two types of choice pairs: Six experimental pairs 
and six filler pairs. These six experimental pairs (Table 1) were con
structed of all possible combinations between the four food items from 
the preceding reinforced/nonreinforced GNG. Note that the important 
pairs are those between the go and no-go items (four pairs), whereas the 
remaining two pairs (one between two go items and the other between 
two no-go items) were not subjected to analysis as they did not directly 
contribute to our primary research questions.

For the six filler pairs, each pair was composed of one high-value and 
low-value item, and there was an incremental within-pairs value dif
ference across all filler pairs. These filler pairs served as validation for 
the rating and choice tasks, because participants should prefer high- 
value (vs. low-value) items, and the difference in preference should be 
larger when the ranking difference is larger. See Supplemental Table S2
for details.

2.4. Confirmatory analyses

We ran Bayesian multilevel logistic regression models for all 
confirmatory analyses in Experiments 1a and 1b. We fitted all models 
using the package brms (Bürkner, 2017) in the statistical software R (R 
Core Team, 2022). For parameters of interest, we report the posterior 
mean estimate and its 95% highest density interval (HDI). If the 95% 
HDI does not include zero, we deem a “significant” effect in the Bayesian 
fashion (e.g., difference between two conditions) credible (Kruschke & 
Liddell, 2018).

2.4.1. Reinforcement learning GNG
We compared the probability of correct responses between the 

GoToWin and GoToAvoidPunishment conditions, and that between the 
NoGoToWin and NoGoToAvoidPunishment conditions.

2.4.2. Food choice
In Experiment 1a, we compared the probability of choosing go items 

Fig. 2. Experimental procedure. (Panel C) The nonreinforced go/no-go task (Experiment 1b). Participants were trained both go and no-go actions toward specific 
food items without feedback. During go trials two different go cues were consistently paired with two different food items, and participants were instructed to 
perform go actions when go cues were presented. During no-go trials two no-go cues were consistently paired with two different food items, and participants were 
instructed to withhold responding when no-go cues were presented. (Panel D) Food choice task (Experiments 1a and 1b). Participants were asked to make binary food 
choices and choose the food items they would prefer to eat at the moment. Experimental pairs contained food items from the training which were matched on 
subjective value as assessed with the food rating task; in filler pairs one item had higher value than the other within each pair. See text for details.
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under the comparison GoToWin_vs_NoGoToAvoidPunishment to the 
remaining three comparisons (i.e., GoToWin_vs_NoGoToWin, GoToA
voidPunishment_vs_NoGoToWin, and GoToAvoidPunishment_vs_NoGo
ToAvoidPunishment), respectively.

In Experiment 1b, we first collapsed data across all four go vs. no-go 
choice pairs (i.e., GoBlue_vs_NoGoOrange, GoTeal_vs_NoGoOrange, 
GoBlue_vs_NoGoPink, and GoTeal_vs_NoGoPink), and then obtained the 
overall probability of choosing go items and examined whether this 
probability was higher than 50%.

2.5. Exploratory analyses

2.5.1. Transfer from reinforcement learning GNG to food choice
We explored how learning during RL GNG translated into subsequent 

food choice. The rationale is that, based on previous work (Swart et al., 
2018), participants may prefer food items liked to larger go action 
weight, or put simply stronger strength of go action. To investigate this, 
we first estimated the strength of go and no-go action using computa
tional models (see details below). Next, for each go versus no-go com
parison, we calculated a score showing the difference in strength of go 
actions (e.g., between conditions like GoToWin and NoGoToA
voidPunishment) and measured how often participants chose the go 
item. Finally, we checked if the difference in strength of go action was 
correlated to how often participants chose the go items for each type of 
choice comparison.

We ran two Bayesian hierarchical reinforcement learning models 
(M1 and M2), based on previous work (Ahn et al., 2017; Guitart-Masip 
et al., 2012), to explore the reinforcement learning GNG data. In brief, 
reinforcement learning models rely on the assumption that on each trial, 
individuals have different expected values for different actions—in our 
case the go and no-go actions—and that these expected action values 
will be updated by incorporating information from actual reinforcers (i. 
e., outcomes) that followed the selected action. Accordingly, M1 
assigned each action at on trial t an expected action value, and updated 
such expected value using a simple Rescorla-Wagner equation (Sutton & 
Barto, 2018): 

Qt+1(at , st)=Qt(at , st) + ε(rt − Qt(at , st)) (1) 

Where the subscripts t and t+1 referred to the current trial and the next 
trial, the Q value represented the expected action value, s referred to the 
item (e.g., GoToWin item), ε (0 < ε < 1) is a free parameter learning rate 
that determined how much of the difference between the Q value (on 
current trial) and the actual reinforcements should be incorporated in 
updating the Q value (on the next trial), and r represents the rein
forcement. Note that rt ∈ { − 1, 0, 1 }, in which − 1 represents punish
ment, 0 represents neutral outcome, and 1 represents reward.

Next, M1 further calculated the probability of choosing the go or no- 
go action based on a softmax function: 

pGo =
1

1 + e− τ*(QGo − QNoGo)
(2) 

where τ was another free parameter that captures random noise during 
decision-making (Zhang et al., 2020). Note that in M1 includes the up
date of action values only, meaning that M1 does not consider the up
date of item values.

However, previous work (Guitart-Masip et al., 2012) showed that the 
updating of action values was influenced by the so-called Pavlovian bias. 
According to this Pavlovian bias, appetitive items automatically trigger 
go tendencies, whereas aversive items automatically trigger no-go ten
dencies. Therefore, the direction of action value updates is opposite to 
the direction of item value updates under the GoToAvoidPunishment 
and NoGoToWin conditions, resulting in impaired learning of go and 
no-go actions in these two conditions.

To explore the influence of Pavlovian bias on action learning for food 
items, based on M1, M2 added a Pavlovian bias parameter π (≥0). that 

scales such influence of item values. This Pavlovian parameter increased 
the go tendencies when the item values were positive but decreased such 
tendencies when the item values were negative. Note that M2 assums 
that participants updated the item values following the same preceding 
Rescorla-Wagner rule as updating the Q values in M1 (equation (4)). In 
addition, since M2 incorporates influences of both action and item 
values, we use the action weight (on each trial) W to denote such 
incorporation and correspondingly, participants calculated the proba
bility of choosing go action by comparing the differences between the go 
and no-go action weights. 

Wt(a, s)=
{

Qt(a, s) + πVt(s) if a = Go
Qt(a, s) else (3) 

Vt+1(s)=Vt(s) + ε(rt − Vt(s)) (4) 

pGo =
1

1 + e− τ*(WGo − WNoGo)
(5) 

2.5.2. Food choice
First, we combined the choice data from Experiments 1a and 1b, and 

included experiment (1a vs. 1b) as a between-subject factor. We then 
fitted these choice data to an overall Bayesian multilevel logistic 
regression model. Next, we compared the probabilities of choosing go 
versus no-go items between Experiment 1b and the relevant conditions 
in Experiment 1a.

Second, we also explored other types of choice pairs such as the filler 
choice pairs in both experiments. We elaborate on the details of these 
exploratory analyses in S1 Text.

3. Results

3.1. Confirmatory analyses

3.1.1. Reinforcement learning GNG
As predicted, the probability of correct responses was credibly higher 

under the GoToWin condition than the GoToAvoidPunishment condi
tion, β = .043, 95% HDI = [.021, .066]. This indicates that go responses 
were easier to learn under GoToWin (vs. GoToAvoidPunishment) con
dition. Although in the predicted direction, unexpectedly there was no 
credible difference between the NoGoToAvoidPunishment and the 
NoGoToWin conditions, β = .020, 95% HDI = [-.005, .047]. This in
dicates that participants learned no-go responses equally well under 
these two no-go conditions. See Fig. 3 for data patterns of all conditions 
and see Table 2 for model-derived parameter estimates.

3.1.2. Food choice
For experiment 1a, strikingly, the probability of choosing go over no- 

go items was .8 in the GoToWin vs NoGoToAvoidPunishment compar
ison. Next, the probability of choosing go items under the choice pair 
GoToWin_vs_NoGoToAvoidPunishment was credibly higher than the 
choice pair GoToWin_vs_NoGoToWin, β = .195, 95% HDI = [.068, 
.324], and compared to the choice pair GoToAvoidPunishment_vs_No
GoToWin, β = .330, 95% HDI = [.133, .532]. However, against the 
prediction, there was no credible difference between the choice pairs 
GoToWin_vs_NoGoToAvoidPunishment and GoToAvoidPu
nishment_vs_NoGoToAvoidPunishment, β = .112, 95% HDI = [-.023, 
.265]. In summary, this indicates that participant’s learning of go and 
no-go actions translated into the subsequent food choices.

For Experiment 1b (orange bar in Fig. 4). What is noteworthy is that 
the probability of choosing go over no-go items is .63, and thus in a 
similar range as previous work using similar training (Chen et al., 2019) 
with many more items (Table 1). As predicted, the overall probability of 
choosing go items was credibly higher than 50%, β = .180, 95% HDI =
[.093, .264]. This is line with previous work (Chen et al., 2019) and 
indicates that participants overall preferred go over no-go items. See 
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Fig. 4 for data patterns of all conditions and see Table 2 for 
model-derived parameter estimates.

3.2. Exploratory analyses

3.2.1. Transfer from reinforcement learning GNG to food choice
We set out to examine whether there was an influence of the 

Pavlovian bias during participants’ learning of go and no-go responses. 
First, we fitted a basic Rescorla-Wagner model (M1) (Sutton & Barto, 
2018; Zhang et al., 2020) to the reinforcement learning GNG data. This 
basic model M1 included a learning rate ε and an inverse temperature 
parameter τ. M2 added the Pavlovian bias parameter π to scale the 
weight of appetitive and aversive item values. Note that M2 used a same 
Rescorla-Wagner update rule as the update of item values in M1 ac
cording to previous work (Guitart-Masip et al., 2012; Swart et al., 2018). 
Next, for each model we estimated model evidence using the Widely 
Applicable Information Criterion (WAIC) (Ahn et al., 2017; Zhang et al., 
2020), which provides a metric of model goodness. We then performed 
model comparison by comparing the WAIC between these two candidate 
models, and selected the winning model with the lower value of WAIC 
(Table 3). Results showed that M2 is the winning model. The corre
sponding posterior parameter estimations are: ε = .39, 95% CI = [.34, 
.45]; τ = .4.81, 95% CI = [4.22, 5.41]; π = .03, 95% CI = [.01, .06].

In line with previous work (Guitart-Masip et al., 2012), the winning 
model included the Pavlovian bias parameter π, indicating that there 
was an influence of Pavlovian bias during the learning of go and no-go 

actions for food items. Additionally, we also explored the strength of 
go action for all conditions. We found that the ranking of the go action 
strength across these 4 conditions was as follows, GoToWin > NoGo
ToWin > GoToAvoidPunishment > NoGoToAvoidPunishment, and the 
condition difference was credible for each pairwise comparison. See S1 
text for details of posterior parameter estimates.

Next, we explored whether the relative differences in the strength of 
go actions between go and no-go items were correlated with proportion 
of choosing go (vs. no-go) items in Experiment 1a. Since M2 was the 
winning model, we obtained these action weights from M2. The corre
lations were positive under two comparisons GoToWin_vs_NoGoToA
voidPunishment, r (70) = .32, p < .01, and 
GoToAvoidPunishment_vs_NoGoToWin, r (70) = .53, p < .001. How
ever, there were no significant correlations under the other four com
parisons: GoToWin_vs_NoGoToWin, r (70) = .03, p = .82; 
GoToAvoidPunishment_vs_NoGoToAvoidPunishment, r (70) = .01, p =
.92; GoToWin_vs_GoToAvoidPunishment, r (70) = − .002, p = .99; 
NoGoToWin_vs_NoGoToAvoidPunishment, r (70) = .18, p = .12. These 
findings provide some preliminary evidence that reinforcement learning 
may drive food behavior change by changing item-associated go action 
strength, but that such relations are not consistently found.

3.2.2. Comparing reinforced and nonreinforced training effects on food 
choice

Comparing the choice data between Experiments 1a and 1b, it 
revealed that the overall probability of choosing go items (Experiment 
1b) was credibly lower than the probability of choosing go items under 
the pair GoToWin_vs_NoGoToAvoidPunishment (Experiment 1a), but 
was comparable to the remaining three choice pairs: GoToWin_vs_No
GoToWin, GoToAvoidPunishment_vs_NoGoToWin, and GoToAvoidPu
nishment_vs_NoGoToAvoidPunishment (Experiment 1a). This indicates 
that the reinforcement learning GNG outperformed the nonreinforced 
GNG only under one specific condition, that is, when go responses were 
reinforced with obtaining rewards and no-go responses with avoiding 
punishments. Fig. 3 shows the data patterns and see S1 text for details of 
behavioral results and model-derived parameter estimates.

3.2.3. Food choice on filler pairs
Results showed that participants choose high-value items with a 

higher probability than low-value items, and this preference increased 
as the within-pair value differences increased. See S1 text for details.

4. Discussion

4.1. Key findings

In the present work, we conducted two experiments to compare ef
fects of reinforced and non-reinforced go/no-go training on subsequent 
preferences for go and no-go food items. With regard to the learning of 
go and no-go responses during reinforcement learning, and in line with 
previous work (Guitart-Masip et al., 2012), we found people learn go 

Fig. 3. Percentage of correct responses per condition (i.e., GoToWin, GoToA
voidPunishment, NoGoToWin, and NoGoToAvoidPunishment) for the rein
forcement learning GNG in Experiment 1a. For illustrative purposes, conditions 
GoToWin, GoToAvoidPunishment, NoGoToWin, and NoGoToAvoidPunishment 
are denoted as GWin, GAvoid, NWin, and NAvoid, respectively. Dots refer to the 
average percentage for each participant. Error bars refer to within-participant 
standard errors. Credible difference is denoted by the *, and non-credible dif
ference is denoted by NC.

Table 2 
Behavioral results and model-based parameter estimates for the reinforcement learning GNG and the food choice task in Experiments 1a and 1b.

Study Task Trial type Response Percentage Probability

1a Reinforcement learning GNG GoToWin Correct responses .91 (.005) .96 [.94, .97]
​ ​ GoToAvoidPunishment .87 (.005) .91 [.89, .94]
​ ​ NoGoToWin .87 (.005) .91 [.89, .94]
​ ​ NoGoToAvoidPunishment .91 (.005) .93 [.92, .95]
1a Food choice GoToWin_vs_NoGoToAvoidPunishment Choosing go items .80 (.020) .91 [.85, .97]
​ ​ GoToWin_vs_NoGoToWin .63 (.020) .72 [.59, .84]
​ ​ GoToAvoidPunishment_vs_NoGoToWin .55 (.020) .58 [.39, .77]
​ ​ GoToAvoidPunishment_vs_NoGoToAvoidPunishment .67 (.020) .80 [.65, .94]
1b Food choice Go_vs_NoGo (across all conditions) Choosing go items .63 (.010) .68 [.59, .76]

Note: The numbers under the Percentage column are the mean values with corresponding standard errors inside the parentheses. The numbers under the Probability 
column are the posterior mean estimates with corresponding 95% HDI inside the brackets.
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responses better when they are instrumental in obtaining rewards and 
no-go responses better when they lead to the avoidance of punishment 
than vice versa. More importantly, we found strongest preferences for go 
over no-go food items when responses to go foods were instrumental in 
obtaining rewards and no-go responses toward no-go food items were 
instrumental in avoiding punishments. The increased preference of 
around 80% for go over no-go food items was substantially stronger than 
the often observed 55–60% preference for go over no-go items found for 
nonreinforced learning (see Table S1) and statistically higher than we 
found in the current nonreinforced go/no-go training (63%). Another 
noteworthy finding is that aligning reward and go responses and 
avoidance of punishment and no-go responses during go/no-go training 
led to stronger preferences for go over no-go items compared to when 
both go and no-go responses were instrumental in obtaining rewards. 
Below we discuss the applied and theoretical implications of these 
findings.

4.2. Applied implications

In the present work we used food items that were similar in (un) 
healthiness as we were interested in providing first evidence of how 
reinforcement learning and nonreinforced learning compare in changing 

food preferences. Nonreinforced go/no-go training has been employed 
as an intervention tool to promote preferences for healthy over un
healthy food items (Lawrence et al., 2015). Interestingly, a publicly 
available training app (Aulbach et al., 2021; Keeler et al., 2022) already 
incorporates this reinforcement schedule (i.e., rewarding successful go 
responses and punishing commission errors to no-go items), but to date 
research has not directly examined how this reinforcement influences 
preferences. The present findings suggest this kind of reinforcement may 
be beneficial to boost strength in preference change compared to no 
reinforcement or rewarding both go and no-go responses.

A difference between the implementation of reinforcement in FoodT 
and the present work is that in FoodT the contingency between reward/ 
punishment and responses is 100%. In light of this, another practical 
recommendation is to examine whether it may be beneficial to employ 
the stimulus-outcome contingencies used in the currently employed RL 
GNG. For example, one may provide the reward feedback 80% of the 
correct go responses and provide the feedback of avoidance of punish
ments 80% time of the correct no-go responses. Based on associative 
learning literature (Chan & Harris, 2019), partial reinforcement is more 
resistant to extinction and is therefore more likely to support 
longer-lasting GNG-training effects. Future work is need to examine this 
possibility.

Practitioners might consider implementing RL GNG training at the 
category level to examine whether this would further generalize changes 
in food preferences. For instance, reinforce go actions to vegetables in 
GoToWin condition only, whereas reinforce no-go actions to chocolates 
in NoGoToAvoidPunishment condition only. Thus, the present work 
provides several avenues to further examine how to optimize applied 
training applications.

4.3. Theoretical implications

Two hypotheses were not confirmed in Experiment 1a. First, Par
ticipants did not learn no-go actions better under the NoGoToA
voidPunishment condition than the NoGoToWin condition; second, 

Fig. 4. Percentage of choosing go items in Experiment 1a and Experiment 1b. Grey bars represent percentages of choosing go items for four go vs. no-go comparisons 
(i.e., GoToWin_vs_NoGoToAvoidPunishment, GoToWin_vs_NoGoToWin, GoToAvoidPunishment_vs_NoGoToWin, and GoToAvoidPunishment_vs_NoGoToAvoidPun
ishment) in Experiment 1a. For illustrative purposes, conditions GoToWin, GoToAvoidPunishment, NoGoToWin, and NoGoToAvoidPunishment are denoted as GWin, 
GAvoid, NWin, and NAvoid, respectively. The orange bar represents the overall percentages of choosing go items for the go vs. no-go comparison in Experiment 1b. 
Dots refer to average percentage for each participant. Error bars refer to within-participant standard errors. Credible difference is denoted by the *, and non-credible 
difference is denoted by NC. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

Table 3 
WAIC for two candidate models and the winning model (M2) is presented in 
boldface font.

Model no. Model parameters No. of parameters WAIC value

1 ε, τ 2 11882
2 ε, τ,π 3 11708

Note: The winning model is represented in boldface type. ε is the learning rate, τ 
is the inverse temperature that captures random noises during decision-making; 
π is the Pavlovian bias. WAIC refers to the Watanabe Akaike Information Criteria 
that measures the out-of-sample predictive accuracy.
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participants did not choose more go items under the GoToWin_vs_No
GoToAvoidPunishment comparison compared to the GoToAvoidPu
nishment_vs_NoGoToAvoidPunishment comparison. The reason could 
be that participants had very high accuracies on all four reinforced 
conditions compared to previous literature (de Boer et al., 2019; Gui
tart-Masip et al., 2012; Swart et al., 2018), which may make it harder to 
detect condition differences. Deviations from previous work, and the 
high levels of accuracy may be due to the use of food items in the present 
work instead of meaningless fractals used in previous work. Food items 
have meaning and are more visually distinctive than fractals, which 
could have boosted learning during the reinforcement learning GNG. 
Future work could investigate how item type influences reinforcement 
learning.

Instrumental learning theories suggest both reward and punishment 
reinforcers should strengthen item-action associations (Maia, 2010; 
Moutoussis et al., 2021), and hence should increase the probability of 
choosing go over no-go items more in reinforced tasks compared to 
nonreinforced go/no-go (GNG) tasks. Our findings show that this is not 
always the case. We attribute this effect to the influence of Pavlovian 
bias (Guitart-Masip et al., 2014), which points to the compatibility be
tween rewards and go actions, as well as avoidance of punishments and 
no-go actions. This finding is noteworthy in light of work in which af
fective consequences were added to a nonreinforced approach/
avoidance task (Van Dessel et al., 2018). This work showed that adding 
evaluative consequences to cued actions boosted effects of non
reinforced training on food choice. Here, we show that adding conse
quences of actions does not always boost nonreinforced learning, but 
only under conditions where action is coupled to rewards and inaction to 
avoidance of punishments.

Additionally, we considered how the temporal proximity of items 
and outcomes during reinforcement learning might affect food item 
valuation. In the reward conditions (GoToWin and NoGoToWin) foods 
may be associated with positive value of rewards, while in punishment 
conditions (GoToAvoidPunishment and NoGoToAvoidPunishment) 
foods may be associated with negative value of punishments. Our win
ning model (M2) supported this, showing that item values in winning 
conditions became more positive, and more negative in losing condi
tions. This influenced the strength of reinforcement on subsequent 
choices, as learned responses (No-Go and Go) in the NoGoToWin and 
GoToAvoidPunishment conditions conflicted with their respective ac
quired valences (positive and negative).

4.4. Limitations and future directions

One limitation of the present study is that participant’s food choices 
were hypothetical due to the online set-up caused by the Covid-19 sit
uation. Yet, we do not think this undermines the validity of the food 
choice data. First, participant’s consistent preference for high-value (vs. 
low-value) foods on filler trials, indicates sensitive, value-based de
cisions akin to those in incentive-compatible experiments (Sullivan & 
Huettel, 2021; Veling et al., 2017). Additionally, the magnitude of the 
probability of choosing go items in the nonreinforced GNG aligns with 
results in previous incentive-compatible choice tasks (Chen et al., 2019).

Another limitation is the difference in contingency rates between the 
reinforced and nonreinforced Go/No-Go (GNG) tasks. In the non
reinforced GNG task, there was a 100% contingency between cues and 
food stimuli, whereas in the reinforced learning task, the contingency 
between food stimuli and actions was 80%. This difference is a result 
from the fact that we used a standard nonreinforced go/no-go task and a 
standard action-valence asymmetry go/no-go task, and adjusting the 
one task in the direction of the other task could undermine the effec
tiveness of the task in changes responses for food. For instance, there are 
indications in the literature that nonreinforced go/no-go training works 
less well to change behavior toward food when the contingency between 
cues and responses is not 100% (Jones et al., 2016). Conversely, rein
forcement learning may be impaired when learning is not probabilistic. 

Future research may systematically examine contingency levels across 
tasks to isolate the specific effects of reinforcement on learning.

Furthermore, there was a gender imbalance in Experiments 1a 
(approximately 26% male participants) and 1b (approximately 68% 
male participants). Since both experiments were conducted online 
during the COVID-19 pandemic including university students recruited 
through convenience sampling, it is challenging to determine what ex
plains this imbalance. Nonetheless, we do not think this has influenced 
the results much in case of the nonreinforced Go/No-Go task (GNG), as 
previous work demonstrated training effects on food preferences where 
the majority of participants were women (Chen et al., 2019). This sug
gests that gender balance in the sample may not be very influential in 
obtaining nonreinforced GNG effects on food preferences. Future 
research could systematically explore the role of gender with regard to 
RL GNG.

Our exploratory analyses showed that RL GNG influenced the 
strengths assigned to Go actions for specific items. These strengths 
reflect a mix of action value (linked to instrumental learning) and item 
value (linked to Pavlovian learning). However, in the winning model 
(M2), action value and item value are closely connected in mathematical 
terms, making it unclear how much each type of learning influences food 
choices. Future research could improve M2 by adding an instrumental 
learning bias (Swart et al., 2018), using the drift diffusion model (DDM) 
(Sullivan & Huettel, 2021), or a combined RL-DDM (Fontanesi et al., 
2019; Kutlikova et al., 2023) to separate the effects of action and item 
values on food choices.

Future research directions for current research include examining 
the longevity of choice preferences from reinforcement learning GNG 
over varying time frames (e.g., weeks to months) and comparing their 
persistence against nonreinforced GNG. Second, to investigate general
ization within the reinforcement learning GNG task, it would be valu
able to train responses to specific food categories (e.g., junk food and 
healthy food) and assess whether the learned responses generalize to 
other untrained items that from the same category. Finally, current 
reinforcement learning models focused on immediate reward and pun
ishment. Future studies may incorporate temporal difference (TD) 
learning (Sutton & Barto, 2018) to consider long-term expected rewards 
to understand of reinforcement learning GNG data.

5. Conclusion

In conclusion, our study compared reinforcement learning with 
nonreinforced learning in the go/no-go task. We demonstrated that 
reinforcement learning was superior only under one condition, namely 
when rewarding go actions and avoiding punishment for no-go actions. 
Thus, rewarding go actions toward desired food and making sure people 
avoid punishment by not responding to undesired food is perhaps the 
most effective way to change food choices in this type of training.
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