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Abstract 29 

 Although research about preference formation and modification has classically focused on 30 

the role of external reinforcements, there is also increasing evidence for a key role of non-31 

externally reinforced cognitive mechanisms such as attention and memory in preference 32 

modification. In a  novel paradigm for behavioral change called the Cue-Approach training (CAT) 33 

task, preferences are modified via the mere association of images of stimuli with a neutral cue and 34 

a rapid motor response, without external reinforcements. The procedure’s efficacy has been 35 

replicated across dozens of studies, and the net behavioral change was linked with increased 36 

activity in a frontal value-based decision-making brain region during the post-training probe 37 

choice phase. However, the cognitive mechanisms during the training phase itself have not been 38 

elucidated. Based on the structure of the task alongside recent findings of the involvement of 39 

striatal and supplementary motor regions during training, we hypothesized that a motor-related 40 

learning process could be a prospective candidate. To test this hypothesis, we developed a 41 

computational model of the motor response pattern during training in a large corpus of data 42 

collected from 864 participants across 29 different CAT experiments. Using Bayesian modeling 43 

of the meta-analysis data, we developed a computational marker for individualized learning in the 44 

training task, which was found to be associated with the preference modification effect in the 45 

subsequent probe task, both at the participant-level as well as in the more granular individual-item 46 

level. Following the conclusions of the meta-analysis, in two additional experiments (a pilot study 47 

and a larger preregistered replication study) we aimed to affect learning efficacy by manipulating 48 

the training procedure difficulty. As hypothesized and preregistered, training difficulty was 49 

captured by the new computational marker identified on the previously collected samples. 50 

Manipulation of the training difficulty also resulted in a differential preference modification effect, 51 

suggesting a causal relationship between the motor learning captured by the computational model 52 

and the post-training behavioral change effect. Our work highlights a novel non-reinforced 53 

preference modification pathway, suggesting that attention and motor learning are linked to 54 

preference formation, and provides a computational framework to identify individualized training 55 

markers which could predict future behavioral change effects. 56 

 57 

Introduction 58 
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Value construction and modification are commonly understood as a result of learning 59 

processes that rely on external reinforcements. In conditioning with external reinforcements an 60 

association is formed by associating  either a positive or a negative outcome, that lead respectively 61 

to enhanced or reduced preference for conditioned stimuli 1–4. While reinforcement-based learning 62 

dominated the research field of value-modifications, a recent review 5 highlights the various means 63 

to influence preferences and choices without external reinforcements covered in the literature, 64 

dating back to the mere exposure effect. In these studies preferences for stimuli can be enhance 65 

merely by repeated exposure to stimuli 6. Similarly, another non-reinforced preference change 66 

paradigm that does not rely on external reinforcements can be found in work showing preference 67 

modification following previous choices 7. These studies provide a strong theoretical framing for 68 

efficacy of interventions such as advertisements on preferences and how life choices affect future 69 

decisions 8,9, above and beyond reinforcement-based manipulations 10,11.  70 

In recent years, a novel procedure named the Cue-Approach Training (CAT) 12 task has 71 

been proposed as another means to change preferences without external reinforcements.. The first 72 

studies with CAT procedure, showed that preferences for snack food stimuli could be modified 73 

via association with a neutral cue and rapid motor response 12–14. The CAT procedure with snacks 74 

included a Go/NoGo training task, in which set of snack food stimuli were associated with a Go 75 

cue to which participants were required to respond with a rapid button press response (Go stimuli), 76 

while a larger set of snack food stimuli were passively presented for the same exposure period, 77 

without a cue or response (NoGo stimuli). The training included several runs in which participants 78 

could learn the association of Go stimuli with the cue and response. In a post-training probe phase, 79 

when presented with a choice between two snacks for actual consumption, participants 80 

demonstrated enhanced preferences for the Go stimuli over NoGo stimuli of similar initial value 81 
12–14.  82 

Subsequent studies with the CAT procedure exemplified its efficacy in modifying 83 

preferences for a wide range of stimuli beyond snack food, including healthy food items, faces, 84 

positive affective stimuli and fractal art stimuli 15–18. Overall, across dozens of studies with 85 

different types of stimuli, participants consistently demonstrated enhanced preference for Go 86 

stimuli over NoGo stimuli of similar initial value 12–20. Studies that examined the long term 87 

maintenance of the CAT effect in additional follow-up sessions, found that the preference 88 

modification effect persisted for months without any additional training sessions 12,15,18,21. The fact 89 
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that a preference modification effect was observed following a training procedure with no external 90 

reinforcement or feedback, inspired the idea that CAT relies on a non-reinforced valuation 91 

pathway, putatively involving attention and motor neural circuits 5. 92 

Several mechanisms have been suggested to underlie non-externally reinforced paradigms. 93 

First, the preferences-as-memory theoretical framework suggests that value could actually be 94 

framed as retrieval of relevant knowledge about alternatives from memory 22. This hypothesis was 95 

supported by a study showing that Go stimuli that were better remembered were also more 96 

preferred 19. Attention also play plays a key role in value-based decision making both on its own 97 

and in synergy with memory 23,24.Support for the involvement of attention was found in eye-98 

tracking studies with CAT, which found that during the probe phase, participants view Go stimuli 99 

more 12,13,18, suggesting that increased gaze time during the probe phase indicated attentional 100 

evidence-gathering process which increased the likelihood of choosing the Go stimuli over NoGo 101 

stimuli 25–27.  102 

While CAT was found to be a reliable means to modify choice behavior, previous studies 103 

have mainly focused on the probe phase, leaving ambiguity as to the cognitive mechanisms 104 

unfolding during the unique training procedure: specifically, what mechanisms in the training 105 

phase itself induce the observed behavioral change. During training all stimuli are presented for 106 

the same amount of time, thus mere exposure or viewing time alone cannot account for the 107 

preference modification effect. Studies that examined the crucial features of the training task 108 

discovered that responding to the Go stimuli also was not sufficient to induce preference changes, 109 

as preference modification did not occur in training version in which the Go cue was presented 110 

immediately with the Go stimulus, or training where the Go cue was given prior to a block of Go 111 

stimuli 13. These findings suggested that simple attention or motor response are not sufficient, as 112 

the rapid motor response during CAT and the motor preparation learning are crucial factors for 113 

non-reinforced preference modification with CAT. This conclusion corresponds with a recent 114 

imaging study with CAT 18, which found that individual differences in the preference modification 115 

effect correlated with increased neural activity during training within the supplementary-motor 116 

cortex and the striatum, regions well associated with motor-planning 28,29 and reinforcement-based 117 

learning 30–33, respectively. The striatum has also been suggested to be key neural hub for learning 118 

thanks to its unique dual-role in both reward processing and motor regulation networks 34,35.  119 
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Based on these combined results, we sought to utilize the large corpus of data collected 120 

with the CAT task to identify the underlying mechanism of non-reinforced preference 121 

modification, with emphasis of the training phase. An important aspect of the CAT is that training 122 

is performed at the individual item basis, and preference change is tested in a subsequent binary 123 

choice phase. Therefore, we surmised that identifying individual differences in motor learning 124 

during the training phase could serve as a key factor to explain differential non-reinforced 125 

behavioral change effect following CAT. We aimed to test this hypothesis by developing an 126 

individualized learning marker based on training motor-response data and test its association with 127 

the preference modification effect observed in the subsequent probe phase. To achieve this aim we 128 

first developed a novel computational marker using Bayesian modeling of reaction-time (RT) 129 

patterns during CAT. Then, based on this model we designed a new non-reinforced training 130 

procedure to test our hypotheses directly.  131 

The current work thus consists of two main studies. The first part includes a meta-analysis 132 

study, where using data of 864 participants from 29 previous CAT experiments, we devised a novel 133 

marker for learning. By combining multiple samples with the CAT into one meta-analysis, we 134 

were able to create a unique dataset of a standardized non-reinforced preference modification task. 135 

To identify an individualized marker for learning, we first examined RT patterns during the 136 

training phase in an exploratory analysis and built a computational model of these patterns using 137 

a Bayesian computational framework which included modeling an individualized learning 138 

parameter. We examined the association of the individualized learning marker with individual 139 

differences in preference modification, as measured in the subsequent binary-choice probe phase. 140 

We further examined the hypothesis that the mechanism of non-reinforced preference modification 141 

is operating both at the participants-level (i.e., some participants learn better than others), as well 142 

as on a more granular item-level (i.e., within participants, some stimuli are better learned than 143 

other). We expanded our computational model to capture variability in within-participant item-144 

level learning and examined its association with subsequent choice pattern. 145 

In the second part, we implemented the findings from the Bayesian model that was based 146 

on the meta-analysis to develop a novel CAT design and directly manipulate the calculated 147 

parameter found in the previous part. In the new design, we used two different cue-contingency 148 

conditions to manipulate learning difficulty. We hypothesized that the cue contingency 149 

manipulation will affect the motor response and will be captured by the individualized learning 150 
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marker devised in the first study, as well as predict subsequent preference modification in the probe 151 

phase. The second phase included one preliminary experiment (n = 20), which was followed by a 152 

larger pre-registered replication study (n = 59). All the hypotheses, experimental design and 153 

analysis plans were carefully preregistered before data collection for the replication study began 154 

(https://osf.io/nwr4v). By manipulating the task design to induce differential behavioral 155 

modification effect, we aimed to establish a causal relationship between the proposed motor 156 

cognitive mechanism and the preference modification effect.  157 

Developing an individualized computational marker for CAT would shed light on the 158 

mechanisms underlying successful non-reinforced preference modification and would allow to 159 

identify learning patterns both between-participants and within-participant, at the individual item 160 

level. These patterns could potentially enable monitoring learning in real-time and the 161 

development of novel closed-loop interventions. 162 

Study 1: Meta-analysis of CAT studies 163 

The first part of the current work was a meta-analysis of 29 CAT experiments with a total 164 

of N = 864 participants, conducted by our research group and colleagues (see methods for sample 165 

size, publication origin and demographics of the individual experiments). All experiments included 166 

the three main phases of the CAT procedure: initial preference evaluation, cue-approach training, 167 

and a preference modification probe task (Figure 1; see detailed description in the Methods 168 

section). In the first phase of the task, initial baseline preferences for a set of stimuli were evaluated 169 

in an auction procedure 36, when snacks were used, or a forced choice task 15 for all other stimuli 170 

types . Following initial preference evaluation, in the cue-approach training phase, approximately 171 

30% of the stimuli were consistently associated with a neutral Go cue (Go stimuli), to which 172 

participants needed to respond with a rapid button press, while the rest of the stimuli were 173 

presented passively without cue or response (NoGo stimuli). Participants were instructed to wait 174 

for the Go cue and respond as fast as they could, once they perceived the cue. In the final probe 175 

phase, preference modification following CAT was evaluated. Participants were asked to indicate 176 

their preferred stimulus out of pairs of stimuli with similar initial value, in which one of the two 177 

stimuli was a Go stimulus and the other was a NoGo stimulus.  178 
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 179 
Figure 1. General outline of the three main procedural components of the Cue-approach training 180 
(CAT) paradigm. (a) Initial preference evaluation task. Baseline preferences for all stimuli were 181 
evaluated either with using a Becker-DeGroot-Marschak (BDM) auction (for consumable stimuli) 182 
or using a forced choice binary ranking task (for non-consumable stimuli). (b) In the cue approach 183 
training (CAT) task, approximately 30% of stimuli were presented in association with a delayed 184 
cue (auditory or visual) to which participants responded with a rapid button press (Go stimuli). All 185 
other stimuli were presented without cue and response (NoGo stimuli). (c) In the probe phase, 186 
preference modification was evaluated using a binary forced choice between pairs of stimuli of 187 
similar initial value, where one was a Go stimulus and the other a NoGo stimulus. Face images are 188 
included with permission from the copyright holder 37. 189 
 190 

The meta-analysis study focused on identifying response patterns in the training task which 191 

could indicate learning efficacy and predict the behavioral change measured in the subsequent 192 

probe task. We hypothesized that faster RT could indicate improvement in learning. 193 

Results 194 

RT analysis of CAT.  The training task in the different experiments consisted of 8-20 195 

training runs (the number of training run varied between experiments and identical within each 196 

experiment). During each run, all Go and NoGo stimuli were presented once individually on-197 

screen. During NoGo trials, stimuli were presented without a Go cue and required no response. 198 

Whenever Go stimulus appeared (approximately 30% of trials), a Go cue was followed, to which 199 
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participants were asked to respond with a rapid button press, before stimuli offset. Participants 200 

were instructed to respond only when they hear or see the cue. Each trial started with stimulus 201 

onset, which was presented on screen for 1000ms. During Go trials, a Go cue appeared 202 

approximately 750ms following stimulus onset (thus leaving participants approximately 250ms to 203 

respond). The cue onset changed according to participants’ performance, so that each successful 204 

Go response was followed with an increase in Go onset time (thus leaving less time to respond and 205 

making the next trial more challenging; see detailed description in the methods section).  206 

To identify unique response patterns, we performed an exploratory analysis of the RT 207 

distribution during Go trials. Before analyzing RT in the CAT task, invalid trial trials were 208 

excluded. Resulting in the exclusion of missed trials, in which participants failed to make a 209 

response within the allocated 1500ms from stimulus onset timeframe (0.90% of trials), and trials 210 

in which the response was shorter than a threshold of 100ms (0.02% of trials), as these trials are 211 

likely to be indicative of inattentional response. In total, 1731 trial out of 188,224 Go trials were 212 

excluded (0.92% of trials).  213 

Examining the RT density distribution in the training task as a function of training run, 214 

revealed a distinct pattern, wherein as training progressed, participants’ RTs were less 215 

homogeneous and started to form a growing peak of early RTs (Figure 2a). In all 29 experiments, 216 

the Go cue changed in each trial, according to participants’ performance (see methods), thus, a 217 

more informative measurement of RT was the time from cue onset (RT minus cue-onset), referred 218 

to here as effective RT. In earlier training runs, when the Go stimuli were associated for the first 219 

time with the Go cue, most effective RTs were clustered around a unimodal center, approximately 220 

300ms following the Go signal onset (effective RT M = 293ms) with 99% of effective RTs larger 221 

than 145ms. We use here this empirical quantile of 145ms as threshold to define rapid anticipatory 222 

responses, as these responses can be elicited when the participants predicted a go cue would 223 

appear. As training progressed, a consistent pattern appeared in the effective RT data - the main 224 

peak of the RT distribution was reduced, while a growing portion of participants’ responses 225 

consisted of faster anticipatory RTs, in many cases preceding the Go cue onset (Figure 2b). For 226 

example, while the proportion of anticipatory responses comprised only 1% of RTs in the first 227 

training run, they comprised 2.7% of RTs by the 5th run, 12.2% of the trials by the 10th run, 20.5% 228 

of trials by the 15th run, and finally 29.4% of trials in the final 20th run (aggregated across all 229 

samples). 230 
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 231 
Figure 2. Reaction time distribution of data pooled from meta-analysis with 29 studies.  232 
Density plots of (a) RTs time-locked to the trial onset and (b) RTs time-locked to the varying Go 233 
signal onset (effective RT). Color indicates training run (repetition). As training progressed, the RT 234 
distribution shifted from a cue-dependent unimodal distribution to left-tailed distribution with 235 
increasing proportion of early anticipatory responses. (c) a clear differentiation in effective RT is 236 
apparent when splitting the data (from Figure 2b) to four quartiles, according to the training run 237 
(each quartile indicating five consecutive training runs). 238 
 239 

Thus, RT data suggest a temporal-dependent response pattern. As training progress, 240 

participants tended to rely less on the Go cue (late cue-dependent RTs) and generated more early 241 

anticipatory responses. Interestingly, the mode of the RT distribution seemed to remain stable, and 242 

only the relative proportion of the two distributions changes. We hypothesized that this transition 243 

pattern from the cue-dependent response to a stimulus-triggered anticipatory response reflected a 244 

process of learning about the stimuli that could be associated with behavioral change in the later 245 

preference probe. Thus, we next sought to develop a model to characterize the strength of this 246 

effect within-individual. 247 

Individualized-learning computational model. Based on the unique RT pattern observed 248 

in the exploratory analysis of CAT task data, we developed a novel computational Bayesian model. 249 

To capture the form of RT distribution, we modeled the effective RT as a mixture of two Gaussian 250 

distributions, with two different means (𝜇  and 𝜇  free parameters), two standard deviations (𝜎  251 

and 𝜎 ), and a mixture proportion (Θ , ) indicating the relative mixture proportion for participanti 252 
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at trialt. The model was implemented with the Stan probabilistic programming language 38, which 253 

optimized the model parameter estimates using a Markov-chain Monte Carlo (MCMC) approach. 254 

See methods section for a detailed description of the model and Supplementary Code 1. The first 255 

Gaussian was restricted to have lower mean than the second Gaussian to maintain their 256 

correspondence across different MCMC sampling chains (i.e., 𝜇 , 𝜎  would correspond with the 257 

early anticipatory RT distribution). To capture the gradual change in anticipatory responses over 258 

training, the mixture proportion was modeled as a time-dependent variable could be expressed by 259 

the following formula: 260 

Θ , = 𝜙 𝜃 +  𝜃 𝑅𝑢𝑛 ,  261 

Where the mixture probability Θ ,  for participanti at trialt was modeled as a linear function 262 

(with a fixed 𝜃  intercept and random participant-level 𝜃  free paramter) of training run (where 263 

the 𝑅𝑢𝑛 ,  ranged between [0,1]). The linear trend was scaled non-linearly to probability-264 

appropriate values of [0, 1] range using a normal distribution cumulative distribution function 265 

(normal CDF; denoted with 𝜙), resulting in a sigmoid-like link function. See further details in the 266 

methods section. 267 

For easy interpretation of the parameters, the 𝜃  intercept term was fixed to -3.1, 268 

corresponding with Θ , = 𝜙(−3.1) ≈ 0.1% mixture proportion at the very first run for all 269 

participants. Thus, higher 𝜃  parameter estimate indicates an individual participant with faster 270 

transition from slow cue-dependent RTs to fast anticipatory responses, which corresponds with 271 

larger Θ ,  mixture proportion at the very last run. E.g., parameter estimate of 𝜃 = 3.1, 272 

indicated that at the last run (𝑅𝑢𝑛 ,  = 1), the mixture proportion of anticipatory responses would 273 

be 𝜙(0) = 50%, while 𝜃 = 4.745 would correspond with mixture proportion of 𝜙(1.645) ≈ 274 

95%, at the last run. We hypothesized that this individualized parameter would be indicative of 275 

improved learning in the training phase of CAT and would also be positively associated with 276 

stronger preference modification effect, measured in the subsequent probe phase. 277 

After running four independent chains, the Bayesian model converged to a stable solution 278 

(see Supplementary Figure 1). The converged model estimated effective RTs as a time-dependent 279 

mixture of two RT distributions: one of early anticipatory responses (𝜇  = 107.50ms, 95%CI 280 

[103.77, 111.21], 𝜎  = 276.30ms, 95%CI [274.13, 278.42]) and late cue-dependent responses (𝜇  281 

= 286.12ms, 95%CI [285.67, 286.58], 𝜎  = 72.61ms, 95%CI [72.23, 73.00]). Overall, participants 282 
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demonstrated an increase in proportion of anticipatory responses as training progressed, as 283 

manifested in the positive group-level parameter (𝜃  = 4.19, 95%CI [3.84, 4.54]), with 284 

variation between participants (𝜎  = 5.14, 95% CI [4.85, 5.46]), indicating some participants 285 

made faster transitions and some generated nearly only cue-dependent responses (non-positive 286 

𝜃  estimates). 287 

Posterior predictive checks (simulated distributions of RT based on estimated model 288 

parameters) revealed a good fit of the model to the actual data. Simulated posterior distributions 289 

recreated the patterns observed empirically, showing more rapid transition to anticipatory 290 

responses in participants with higher 𝜃  parameter estimate (Figure 3; Supplementary Figure 291 

2). 292 

 293 
Figure 3. Actual RT distributions versus simulated posterior distributions, by 𝜃  quantile 294 
group. Participants were categorized into four equal quantile groups, according to their parameter 295 
estimates (denoted here as Q1-Q4; columns). Participants with higher parameter estimates were 296 
characterized with faster transition to anticipatory responses (top row). Posterior simulated RT 297 
distributions using mixture of Gaussians (bottom row) recreated relatively well this transition 298 
pattern. Vertical dashed line represents cue-onset. See also Supplementary Figure 2 for more 299 
detailed comparison.  300 
 301 

Learning parameter association with choices. Previous findings with CAT consistently 302 

showed that preferences for Go stimuli were enhanced following CAT, as manifested in choice 303 
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behavior during the probe phase. When presented with a choice between a Go stimulus and a NoGo 304 

stimulus of similar initial value, participants consistently chose the Go stimulus 12,14–21. To test the 305 

hypothesis that this probe performance is associated with RT patterns during CAT, we examined 306 

whether variation in the slope parameter fit to RTs correlated with probe performance. Note that, 307 

under the model, the slope parameter controls the final proportion of anticipatory responses, which 308 

we understood as a measure of the extent of learning about the stimulus achieved by the endpoint 309 

of CAT. To evaluate the association of the 𝜃  parameter with preference-change effect 310 

following CAT, we analyzed the proportion of probe trials in which participants chose the Go over 311 

the NoGo stimulus, as a per-participant linear function of 𝜃  (mixed logistic regression model, 312 

including random intercept and slope terms for the 29 experiments; see methods).  313 

 The meta-analysis showed 𝜃  was positively associated with the preference 314 

modification effect – i.e., participants with higher 𝜃  parameter estimate, also demonstrated 315 

greater odds of choosing Go stimuli (OR = 1.04, 95% CI = [1.02, 1.06], Z = 5.17, p = 2.3E-7; one-316 

sided mixed model logistic regression; Figure 4). The model’s intercept was significantly greater 317 

than zero, i.e., even when extrapolated to very low 𝜃  value, the model forecasted enhanced 318 

preference for Go stimuli (intercept odds = 1.26, 95% CI = [1.18‚ 1.34], Z = 7.03, p = 2.0E-12).  319 

 320 
Figure 4. Meta-analysis results - computational marker and preference modification effect. 321 
Participants who transitioned faster to anticipatory response during cue-approach training (larger 322 
𝜃  estimates) also demonstrated stronger preference modification effect (proportion of trials 323 
Go stimuli were chosen). Trend line and surrounding red margins represent estimated preference 324 
modification effect and 95% CI, respectively (mixed model logistic regression). Dots represent 325 
individual participants. 326 
   327 
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The estimated variances associated with the fixed-effect terms, random-effect terms and 328 

residuals were used to evaluate two 𝑅  scores for the generalized (logistic) linear mixed mode: a 329 

marginal 𝑅 ( ) (representing the relative proportion of variance associated with the fixed-330 

effects) and a conditional 𝑅 ( ) score (representing the relative proportion of variance 331 

associated with the fixed-effects and random-effects; see more details in the methods section). The 332 

𝜃  fixed effect accounted for 𝑅 ( ) = 0.311 of the variance. With the random intercept 333 

and slopes, the fixed and random effects combined accounted for 𝑅 ( ) = 0.828 of the overall 334 

variance. 335 

Stimulus-specific learning parameter. While the previous model aggregated the data 336 

within participants, in fact, each participant has learned the Go cue association with several 337 

different Go stimuli. Thus, it is possible that learning was not uniform across the entire training 338 

stimuli, meaning every participant had a slightly different learning rate for each of the Go stimuli 339 

she or he encountered. In an additional model, we aimed to expend our model by examining 340 

behavior on a more granular scale – focusing on the variability in RT and choice for individual Go 341 

stimuli within participant. Accordingly, the computational model was elaborated by decomposing 342 

the per-subject learning parameter 𝜃  into a set of subject- and stimulus-specific parameters 343 

𝜃
,
, indicating the transition speed to anticipatory RTs of each Go stimuluss encountered by 344 

participanti during training. The model was otherwise identical in design (see methods). This 345 

reanalysis of the data was conducted after the collection and analysis of the following two studies 346 

which are reported in the current work. 347 

The reanalyzed model converged around slightly different parameter estimates: estimated 348 

early anticipatory RT distribution was characterized with lower mean (𝜇  = 88.30ms, 95% CI 349 

[84.1, 92.34], 𝜎  = 278.2ms, 95% CI [275.84, 280.65]), late cue-dependent responses were similar 350 

(𝜇  = 289.31ms, 95% CI [288.82, 289.79], 𝜎  = 75.64ms, 95% CI [75.23, 76.05]), and the 𝜃
,
 351 

parameters tended to be lower but with greater variability (𝜃  = 2.18, 95% CI [2.01, 2.34], 352 

𝜎  = 5.95, 95% CI [5.76, 6.16]; see Supplementary Figure 3).  353 

Similarly to the previous logistic regression analysis with per-participant parameter, using 354 

the current analysis’ per-stimulus parameters also significantly predicted choices of the 355 

corresponding stimuli in the subsequent probe phase (Intercept: Odds = 1.45, 95%CI [1.36, 1.54], 356 

p = 7.28E-30; 𝜃
,
 OR = 1.02, 95%CI [1.01, 1.03], Z = 3.65, p = 1.3E-4; one-sided mixed model 357 
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logistic regression). Thus, Go stimuli which were characterize with larger proportion of 358 

anticipatory responses were also chosen more during the probe phase. The models’ fixed effects 359 

accounted for 𝑅 ( ) = 0.011 of the total variance and the fixed effect with mixed effects 360 

accounted for 𝑅 ( ) = 0.775 of the total variance. 361 

However, this overall effect comprises both between-participant and within-subject, 362 

between-stimulus contributions. To examine the unique contribution of 𝜃
,
 above and beyond 363 

participant-level 𝜃  parameter (which was evaluated in the previous analysis), in a third 364 

logistic regression model we included both per-participant and per-stimulus parameters from the 365 

two different Stan models, as independent variable (and their random effects; see methods) to 366 

predict choices during probe. Our results indicate that each parameter provided some unique 367 

contribution above and beyond the other parameter (Intercept: Odds = 1.37, 95%CI [1.27, 1.47], 368 

p = 2.38E-18; stimulus-level 𝜃
,
: OR = 1.02, 95%CI [1.01, 1.03], Z = 3.34, p = 4.2E-4; 369 

participant-level 𝜃 : OR = 1.01, 95%CI [1.00, 1.03], Z = 2.07, p = 0.019). Thus, stronger 370 

learning of anticipatory RTs, both per-individual and per-stimulus within individual, were 371 

associated with increased odds of choosing Go stimuli.  372 

Interim discussion  373 

  Examining RT patterns during CAT revealed for the first time a distinct time-dependent 374 

RT pattern, in which participants gradually transition from slow cue-dependent responses to rapid 375 

anticipatory RTs. Using Bayesian modeling, we were able to quantify this RT transition pattern 376 

with stable parameter estimates, of which the 𝜃  parameter provided a promising 377 

computational marker to evaluated individualized differences in learning during training. 378 

Furthermore, as expected, this computational marker was also found to be associated with the 379 

preference modification effect in the subsequent probe phase, as participants with a more robust 380 

learning marker also demonstrated stronger preference modification effect. Examining the data on 381 

a stimulus-level learning parameter, demonstrated an improved explanatory power for the 382 

variability in probe choices, above and beyond the wider participant-level parameter. Since the 383 

computational marker was calculate based on measurements that preceded the probe phase, it holds 384 

a potential to provide predictive marker for future preference modification.  385 

Several challenges were noted in modeling the original experimental data with the new 386 
computational model, largely owing to the fact that the original experimental procedures were not 387 
designed with the present analyses in mind. First, in the training task, Go cue onsets were derived 388 
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based on performance using a staircase procedure. Participants who performed well and responded 389 
rapidly were presented in the next trials with a more challenging cue, appearing later into the trial, 390 
while participants who performed poorly were exposed to earlier occurring (less difficult) cues. 391 
Consequently, anticipatory responses were not time-locked to the same event as the late cue-392 
dependent responses, providing a challenge for a model trying to differentiate between the two. 393 
For example, participants with very poor performance could have been presented with a cue at 394 
500ms from stimulus onset and respond at 750 from stimulus onset, while a well-performing 395 
participant could encounter a challenging 800ms cue onset delay but respond before cue-onset at 396 
750ms from stimulus onset, making on the surface the two response patterns hard to distinguish 397 
and introducing a potentially confounding source of variation across participants. This challenging 398 
effect may have led to some counter-intuitive results; for instance, due to high variability in 399 
anticipatory responses, the fitted model predicted that very late responses (RT effective > 500) 400 
would be more likely in the fastest learners’ late runs, compared with earlier runs or with slower 401 
learners (402 

 403 
).  404 

Some lack of fit of the predicted data could also be indicative that the assumption that 405 

anticipatory RTs are normally distributed around the same mean for all participants is unlikely. 406 

Nonetheless, the large heterogenous data structure (with over 800 participants from 29 different 407 

experiments) provided a computational challenge when trying to fit more complex models (e.g., 408 

with random effects per participant on this parameter). The current model was selected as a 409 

reasonable compromise that provided sensible results.  410 

Furthermore, the task instructions of CAT specifically mentioned that participants are 411 

required to respond after cue-onset. An additional crucial factor which could not be controlled in 412 
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the current study was how rigorously participants complied with this instruction. It is possible that 413 

some participants might have learned the stimulus-cue association well and could have produced 414 

anticipatory responses but were reluctant to deviate from the task’s guidelines. If so, their 𝜃  415 

would not reliably reflect their actual learning of the task. It is important to note that although the 416 

logistic regression results showed a significant positive association of choices with participant-417 

level even stimulus-level individualized learning parameters, significant preference change 418 

remains even when the model extrapolated for no learning effect, and the effect sizes reported 419 

above are quite modest. Thus, suggesting of additional contributions to the choice pattern which 420 

are not otherwise accounted for by the computational marker. The small effect sizes might be due 421 

to the inaccurate measurement of additional constructs within the computation parameter, such as 422 

the instruction adherence and interaction with performance-based dynamic cue onset, which were 423 

proposed here.  424 

Despite these drawbacks, our unique model provided a prospective computational marker 425 

for learning and subsequent preference changes. Based on the promising results of Study 1 meta-426 

analysis and considering the challenges raised above in fitting the computational model to the CAT 427 

task data, in Study 2, we devised a novel design of the CAT procedure, which was tested with two 428 

independent experiments, a smaller preliminary study (n = 25) and a larger pre-registered 429 

replication study (n = 59). In these new experiments we addressed the limitations of the previous 430 

study design. We also modified the training design to answer a more directional hypothesis which 431 

does not only examine correlational association, but also try to provide evidence for more 432 

consequential directionality, by inducing a differential behavioral change. 433 

Study 2: Novel CAT design – preliminary and replication experiments 434 

 A novel experimental design was tested in two pre-registered experiments - a preliminary 435 

experiment and a larger replication experiment. Based on the conclusions from Study 1, the CAT 436 

procedure and instructions were altered to optimize the task for the Bayesian computational 437 

framework and manipulate behavior in accordance with the hypothesized cognitive mechanism.  438 

In the training task, the Go cue onset time was fixed at 850ms from stimulus onset and 439 

participants were clearly instructed that they were permitted to make anticipatory responses before 440 

cue onset. Furthermore, based on the conclusions from the meta-analysis study, we introduced 441 

within the training task a manipulation of the predictability of the stimulus-Go cue contingency, 442 

which we expected would affect the 𝜃  parameter and subsequently also manipulate the 443 
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preference modification effect. Of the Go stimuli, half of the stimuli were always associated with 444 

the Go cue (100% contingency condition), while the rest of the Go stimuli were only associated in 445 

half of the presentations with the Go cue (50% contingency condition). The rest of the stimuli were 446 

never associated with a Go cue (NoGo stimuli; See methods section for detailed description of the 447 

new design).  448 

We hypothesized that in the 50% contingency condition, learning the association of Go 449 

stimuli with the Go cue would be more challenging, and would therefore be identified by a lower 450 

𝜃  learning parameter. We also hypothesized that manipulating learning efficacy during 451 

training would therefore induce a differential preference modification effect in the subsequent 452 

probe phase, with more robust preference modification for Go stimuli trained in the 100% 453 

contingency condition, compared with the more challenging 50% contingency condition.  454 

The new task design was first tested in a preliminary (not preregistered) study with n = 20 455 

valid participants, aimed to evaluate the efficacy of the new task and the replicability of the meta-456 

analysis conclusions. Following the preliminary experiment, we run an additional pre-registered 457 

direct replication experiment with a larger sample size (n = 59), a size chosen based on the 458 

preliminary experiment results. As the two experiments were identical in design, they are reported 459 

together in all sections. 460 

 461 

Results 462 

 Reaction times in the training task. As in the meta-analysis study, RT patterns of the 463 

training task were examined. Before examining RT patterns, we removed Go trials where 464 

participants did not respond at all (preliminary exp. = 6.33%. replication exp. 5.97% of Go trials) 465 

or trials with an unlikely fast RT (RT< 250ms, preliminary exp. = 0.31%, replication experiment 466 

0.21% of trials). In total, 636 (of 9600; 6.62%) and 1747 (of 28,320; 6.17%) of trials were excluded 467 

from the preliminary and replication experiments, respectively. 468 

In both experiments, we were able to replicate the RT pattern observed in the meta-analysis 469 

study – while in early training runs, participants mostly relied on cue-dependent RTs, as training 470 

progressed, an increased portion of RTs were of earlier anticipatory RTs (Figure 5). Examining 471 

mean (SD) effective RT at Run 1, revealed similar RTs in all contingency conditions - preliminary 472 

exp.: 𝑀 % . = 326.88ms (85.13ms), 𝑀 % . = 336.60ms (64.39ms); replication exp.: 473 

𝑀 % . = 322.49ms (63.68ms), 𝑀 % . = 319.90ms (78.88ms). As training progressed, 474 
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participants were able to anticipate the cue and respond before cue-onset. Examining the 475 

differential pattern between the 100% contingency condition and the 50% contingency condition 476 

showed, as expected, that participants initiated more anticipatory responses in the 100% 477 

contingency condition, compared with the 50% contingency condition, resulting in faster mean-478 

RTs at Run 20 - preliminary exp.: 𝑀 % . = 253.27ms (187.65ms), 𝑀 % . = 175.55ms 479 

(245.5ms); replication exp.: 𝑀 % . = 256.57ms (188.94ms), 𝑀 % . = 81.39ms 480 

(271.99ms); see Figure 5. 481 

 482 
Figure 5. Density plots of effective RT distribution (time-locked to cue onset) in Study 2 483 
(preliminary experiment on top row and replication experiment on bottom row). The Go cue onset 484 
was fixed at 850ms from stimulus onset - vertical dashed lines represents the trial onset (time 0), 485 
cue-onset, and trial offset (850ms and 1000ms from trial onset, respectively). As training 486 
progressed (indicated by the training run in color), responses were less homogeneous following 487 
cue onset, with increased proportion of anticipatory responses. The transition to anticipatory 488 
responses was more robust in the 100% contingency condition (right column) compared with the 489 
50% contingency condition (left column).  490 
 491 

Computational marker of learning. As in the meta-analysis study, RTs within each 492 

condition were modeled with a time-dependent mixture model, implemented with Stan Bayesian 493 

framework. RT data within each condition (100% contingency and 50% contingency) were fitted 494 
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using two Gaussian distribution parameters (two means and two SDs). A 𝜃  time dependent 495 

parameter was modeled for each condition and determined the rate of transition from cue-496 

dependent responses to anticipatory responses of individual participants. Since the Go cue in Study 497 

2 was fixed at 850ms, the effective RT (relative to stimulus rather than cue) measurement perfectly 498 

correlated with actual RT; thus, we used only the actual RT in the model.  499 

In both the preliminary and replication experiment, the computational model converged 500 

around similar hyperparameter estimates (see MCMC trace plot and posterior simulations fit in 501 

Supplementary Figure 5 and Supplementary Figure 6, respectively). Cue-dependent responses 502 

were characterized with later mean RT and smaller variance, compared with earlier anticipatory 503 

responses (preliminary experiment: 𝜇  = 735.07, 95%CI [677.14, 792.87], 𝜎  = 140.14, 95%CI 504 

[130.13, 153.49], 𝜇  = 1190.23, 95%CI [1188.46, 1192.03], 𝜎  = 78.11, 95%CI [76.78, 79.47]; 505 

replication experiment: 𝜇  = 740.44, 95%CI [710.10, 771.76], 𝜎  = 140.35, 95%CI [135.79, 506 

144.74], 𝜇  = 1187.46, 95%CI [1186.25, 1188.68], 𝜎  = 80.30, 95%CI [79.46, 81.15]). As the cue 507 

onset was fixed in Study 2 at 850ms, the mean cue-dependent RTs of approximately 1190ms 508 

corresponded with an effective RTs center of approximately 340ms in both experiments. 509 

Anticipatory RT mean varied considerably between participants, as identified by the 𝜎  510 

parameter, which modeled between-participant variability in 𝜇  parameter estimates (preliminary 511 

experiment: 𝜎  = 110.81, 95%CI [73.29, 166.69]; replication experiment: 𝜎  = 110.99, 95%CI 512 

[90.92, 136.34]). 513 

Transition from cue-dependent to anticipatory responses, as captured by 𝜃  parameter 514 

estimates of the preliminary experiment, indicated faster transition in the 100% contingency 515 

condition, compared with the 50% contingency condition (𝜃 % = 1.95, 95%CI [1.03, 2.75], 516 

𝜃 % = 0.90, 95%CI [-0.01, 1.68]; mean difference in 𝜃  = 1.04, 95%CI = [-0.17, 2.23]), 517 

with prominent variability between participants (𝜎
%

 = 1.98, 95%CI [1.45, 2.67], 𝜎
%

 518 

= 1.79, 95%CI [1.21, 2.57]). This effect was replicated even more distinctly in the larger 519 

replication experiment (𝜃 % = 3.25, 95%CI [2.54, 3.89], 𝜃 % = 1.54, 95%CI [1.11, 520 

1.92]; mean difference in 𝜃  = 1.70, 95%CI = [0.90, 2.47]; 𝜎
%

 = 2.82, 95%CI [2.37, 521 

3.42], 𝜎
%

 = 1.45, 95%CI [1.16, 1.82]). The 95% credible interval of the difference between 522 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 21, 2022. ; https://doi.org/10.1101/2022.03.20.484477doi: bioRxiv preprint 



Computational marker for learning 

20 
 

the two conditions 𝜃  parameters indicated a general trend in the preliminary experiment 523 

which was distinct in the replication experiment. 524 

Preference modification in probe task. Based on the results of the meta-analysis in Study 525 

1, we hypothesized that manipulating the Go cue contingency would correspondingly manipulate 526 

the preference modification effect, manifested as more pronounced preference modification for 527 

stimuli in the 100% contingency condition, compared with the 50% contingency condition.  528 

As expected, in the preliminary experiment, participants chose Go stimuli over NoGo 529 

stimuli above chance level, both in the 50% contingency condition (prop. = 57.11%, Z = 2.85, p = 530 

0.002, odds = 1.33, 95% CI [1.09, 1.62]; one-sided logistic mixed model), as well as in the 100% 531 

contingency condition (prop. = 64.45%, Z = 3.40, p = 3.4E-4, odds = 1.81, 95% CI [1.29, 2.56]). 532 

The preference modification effect was more robust in the 100% contingency condition, compared 533 

with the 50% contingency condition (Z = 1.92, p = 0.028, OR = 1.36, 95% CI = [0.99, 1.87]). 534 

These effects were prominently replicated in the larger replication experiment (50% contingency 535 

condition: prop. = 58.41%, Z = 5.50, p = 1.9E-8, odds = 1.40, 95% CI [1.24, 1.59]; 100% 536 

contingency condition: prop. = 66.31%, Z = 6.41, p = 7.1E-11, odds = 1.97, 95% CI [1.60, 2.42]; 537 

condition difference-effect: Z = 3.81, p = 7.0E-5, odds = 1.40, 95% CI [1.18, 1.67]; one-sided 538 

logistic mixed model), see Figure 6. 539 

 540 
Figure 6. Probe results. Proportion of trials participants chose Go stimuli over NoGo stimuli of 541 
similar initial value, in the preliminary experiment (a) and replication experiment (b). Dots 542 
represent individual participants, error-bars represents 95% CI based on a mixed model logistic 543 
regression. Participants demonstrated enhance preference both for Go stimuli in the 50% 544 
contingency condition and to a larger extent in the 100% condition. Statistical significance is 545 
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denoted with asterisks (* p < 0.05, ** p < 0.01, *** p < 0.001; one-sided mixed model logistic 546 
regression). Dashed line represents 50% chance level. 547 
 548 

 Prediction of probe using computational model. Most importantly, we aimed to examine 549 

whether the preference modification effect could be predicted using the individually fitted 𝜃  550 

parameter estimated for each participant. Adding the individual learning parameter as an additional 551 

independent variable to the logistic regression model revealed that indeed 𝜃  parameter 552 

estimated from the training task, could be used to predict preference modification in the subsequent 553 

probe task (Figure 7). In the preliminary experiment a significant contribution was found for 554 

𝜃  in the 50% contingency condition (log-OR = 0.12, Z = 2.30, p = 0.011, OR = 1.13, 95% CI 555 

[1.02, 1.26]; one-sided mixed model logistic regression), as well as in the 100% contingency 556 

condition (log-OR = 0.26, Z = 3.59, p = 1.7E-4, OR = 1.29, 95% CI [1.12, 1.49]). No significant 557 

difference was found between the slopes under the two conditions (log-OR = 0.13, Z = 1.52, p = 558 

0.13, OR = 1.14, 95% CI [0.96, 1.36]; two-sided mixed model logistic regression). These results 559 

were replicated also in the larger replication experiment, where 𝜃  parameter estimates 560 

predicted the preference modification effect, both in the 50% contingency condition choices (log-561 

OR = 0.10, Z = 2.39, p = 0.008, OR = 1.11, 95% CI [1.02, 1.20]; one-sided mixed model logistic 562 

regression), as well as in the 100% contingency condition (log-OR = 0.11, Z = 3.49, p = 2.4E-4, 563 

OR = 1.12, 95% CI [1.05, 1.19]). No differential slope effect was found between the two conditions 564 

(log-OR = 0.01, Z = 0.26, p = 0.79, OR = 1.01, 95% CI [0.93, 1.10]; two-sided mixed model 565 

logistic regression).  566 

 567 
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 568 
Figure 7. Association of probe choices with training computational marker in study 2. Larger 569 
𝜽𝒔𝒍𝒐𝒑𝒆𝒊

 estimates parameter estimates were positively associated with subsequent preference 570 
modification in probe phase, both in the preliminary experiment (a) and in the larger replication 571 
experiment (b). The 100% contingency condition was characterized with larger 𝜽𝒔𝒍𝒐𝒑𝒆𝒊

 values, and 572 
respectively also stronger preference modification effect. Trend line and surrounding color 573 
margins represent estimated preference modification effect and 95% CI, respectively (mixed 574 
model logistic regression). Dots represent individual participants. Horizontal dashed line 575 
represents 50% chance level. 576 
 577 
 Examining the sizes of estimated fixed-effect, random-effect and residual variances, 578 

revealed that the model accounted for a large portion of the variance in participants’ choice pattern 579 

in both experiments, both when examining the contribution of the fixed effects only (preliminary 580 

exp.: 𝑅 ( ) = 0.421; replication exp.: 𝑅 ( ) = 0.223), and furthermore when examining 581 

the joint contribution of fixed and random effects (preliminary exp.: 𝑅 ( ) = 0.869; replication 582 

exp.: 𝑅 ( ) = 0.872). 583 

To examine the overall effect of contingency condition above and beyond 𝜃 , using a 584 

likelihood ratio test, the logistic regression model was compared with a restricted (nested) model 585 

that did not contain contingency fixed effects (contingency intercept and slope interaction; 586 

restriction of 2 parameters). In both experiments, comparing the two models revealed no 587 

significant contribution of contingency above and beyond 𝜃  (preliminary experiment: 588 

Δ𝐴𝐼𝐶( .  ) = -1.64, χ( ) = 2.36, p = 0.307; replication experiment: Δ𝐴𝐼𝐶( .  ) = -3.61, 589 

χ( ) = 0.39, p = 0.824; two-sided likelihood ratio test). 590 

Stimulus-specific learning parameter. In an additional analysis (mentioned but not 591 

detailed in the preregistration), we extended this analysis to stimulus-level effects. Each Go 592 

stimuluss presented to participanti was fitted a 𝜃
,
 parameter, which was expected to capture 593 
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within-participant variability in learning - i.e., model for difference in learning of stimuli within a 594 

contingency condition. We aimed to use these participant and stimulus-specific learning 595 

parameters as independent variables in a mixed model logistic regression (with a random intercept, 596 

random slope for contingency and random slope for 𝜃
,
 independent variables, see methods 597 

for full description of the statistical models). 598 

 Fitting a full Stan model for both stimuli of 50% and 100% contingency simultaneously 599 

did not converge. We hypothesized that the full model, with 2 conditions × 16 stimuli × n 600 

participants inter-dependent 𝜃
,
 parameters was too complex to resolve using MCMC process. 601 

Thus, we decided to reduce complexity by eliminating the participant-level effects on the mean 602 

RT for the early anticipatory responses (estimating only group-level 𝜇 , without participant-level 603 

𝜇  parameters; as was done in the previous meta-analysis study). We further split the data based 604 

on contingency condition and analyzing each contingency as an independent dataset. Using this 605 

approach resolved the convergence issues. This solution for an unexpected issue was not 606 

preregistered or planned prior to data analysis.  607 

 Examining the association between the 𝜃
,
 parameter estimates and the participant-608 

level 𝜃  parameter estimates of the previous model, revealed high similarity (preliminary exp.: 609 

r = 0.84; replication exp.: r = 0.80). In addition, participants with negative 𝜃  parameter 610 

estimates had very small variance (SD < 0.1) in their 𝜃
,
 estimates (see Supplementary Figure 611 

7). When such 𝜃
,
 were introduced in the mixed-model logistic regression, the low within-612 

participant variability caused convergence warnings. Therefore, all participants with 𝜃 < 0.2 613 

(which is equivalent to SD < 0.1 of 𝜃
,
) in either contingency condition, were excluded from 614 

the analysis. This resulted in the exclusion of nine participants in the preliminary experiment and 615 

14 participants in the replication experiment. 616 

 Analyzing the remaining 11 and 45 participants in the preliminary and replication 617 

experiment, resulted in similar conclusions, as found with the participant-level 𝜃  parameter 618 

estimate. Overall, in both contingency conditions, a significant positive association was found 619 

between 𝜃
,
 and preference of Go stimuli over NoGo stimuli (preliminary experiment - 50% 620 

contingency: Z = 4.34, p = 7.0E-6, OR = 1.33, 95% CI [1.17, 1.52]; 100% contingency: Z = 2.85, 621 

p = 0.002, OR = 1.21, 95% CI [1.06, 1.38], overall model 𝑅 ( ) = 0.269, 𝑅 ( ) = 0.631; 622 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 21, 2022. ; https://doi.org/10.1101/2022.03.20.484477doi: bioRxiv preprint 



Computational marker for learning 

24 
 

replication experiment - 50% contingency: Z = 3.14, p = 8.4E-4, OR = 1.09, 95% CI [1.03, 1.15]; 623 

100% contingency: Z = 5.09, p = 1.7E-7, OR = 1.09, 95% CI [1.05, 1.12], overall model 𝑅 ( ) 624 

= 0.147, 𝑅 ( ) = 0.475; one-sided mixed model logistic regression; Figure 8). No significant 625 

differences were found between the slopes of the two conditions (preliminary experiment: Z = -626 

1.35, p = 0.18, OR = 0.91, 95% CI [0.79, 1.04]; replication experiment: Z = -0.08, p = 0.94, OR = 627 

1.00, 95% CI [0.95, 1.05]; two-sided mixed model logistic regression). 628 

 629 

 630 
Figure 8. Association of probe choices with stimulus-level computational marker in study 2. Larger 631 
𝜃

,
 estimates parameter estimates were positively associated with subsequent preference 632 

modification in probe phase, both in the preliminary experiment (a) and in the larger replication 633 
experiment (b). Dots represent individual stimuli (small vertical jitter was added to better visualize 634 
high density areas). Trend lines and surrounding color margins represent estimated preference 635 
modification effect and 95% CI, respectively (mixed model logistic regression). Horizontal dashed 636 
line represents 50% chance level. 637 
 638 
 The contribution of stimulus-level 𝜃

,
 parameter to predicting preferences was 639 

examined by comparing a full model, containing both stimulus-level 𝜃
,
 and participant-level 640 

𝜃  individualized learning parameters to a restricted model containing only 𝜃  as 641 

independent variable. The addition of 𝜃
,
 had a significant contribution both in the preliminary 642 

experiment (ΔAIC = 59.65, 𝜒( ) = 77.65, p = 4.7E-13; likelihood ratio test), as well as in the 643 

replication experiment (ΔAIC = 93.97, 𝜒( ) = 111.97, p = 5.8E-20). 644 

Interim discussion 645 

 Based on the conclusions of the meta-analysis study, a novel preference modification 646 

procedure was designed and tested in Study 2. In the new design, two cue contingency conditions 647 

(50% and 100% contingency) were tested within-participant, which we hypothesize would 648 
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manipulate the difficulty of learning the stimulus-cue association during the training phase of the 649 

CAT paradigm. The introduction of the two contingency conditions allowed us to experimentally 650 

impact the 𝜃  individualized computational marker of learning, which in turn provided a 651 

reliable predictor for the subsequent preference modification effect in the probe phase. As 652 

expected, we found more a robust preference modification effect for Go stimuli in the 100% 653 

contingency condition, compared with the 50% contingency condition, as tested within-654 

participants. The fact that a directed experimental intervention in the preceding training phase 655 

induced a differential effect in the probe phase, provides support for a directional causal impact of 656 

training on behavioral change. In light of these results, it is plausible to conclude that the 657 

association demonstrated in Study 1 between the individualized learning parameter and behavioral 658 

change might represent a causal relationship, in which improved learning in the training phase 659 

induces stronger behavioral change in the subsequent probe phase.  660 

Furthermore, between-participant variability in the 𝜃  computational marker was also 661 

predictive of between-participant difference in preference modification, as measured during the 662 

subsequent probe phase. Participants with more robust 𝜃  also demonstrated stronger 663 

preference for Go stimuli over NoGo stimuli of similar initial value. This effect was observed both 664 

in the 100% and 50% contingency conditions, with no significant difference in the effect between 665 

the two conditions. This suggests that 𝜃  had a similar predictive pattern for both conditions, 666 

one unit increase in 𝜃  resulted in similar increase in the odds of choosing Go over NoGo, 667 

above and beyond the contingency condition. However, as the 100% contingency condition was 668 

characterized with larger 𝜃  parameter estimates, so was the probe phase characterized with 669 

greater odds of choosing Go stimuli (i.e., stronger preference modification effect). Taken together, 670 

these results provide evidence for novel means to both predict individual differences in learning 671 

and preference modification between participants, as well as means to manipulate this preference 672 

modification effect. All the non-exploratory results in the preliminary experiment were carefully 673 

detailed in a preregistration, and were all replicated in a larger replication experiment, which 674 

included the exact same procedure and analysis pipelines. It is important to note that using a larger 675 

sample size not only replicated the significance of the effects, but also the descriptive trends, 676 

resulting in outcomes of similar effect size. 677 

 In an exploratory analysis, we examined variation across stimuli as well as participants, 678 

focusing both on the variability in learning patterns between different participants, as well as 679 
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within-participant variability in learning for different stimuli. Due to the technical requirements, 680 

such an in-depth analysis was applicable only for a smaller subset of our data, however, the partial 681 

results we found suggest that the prediction model is applicable in all levels of granularity, both at 682 

the individual participant level, as well as in the individual stimulus level.  683 

  684 

General discussion 685 

 In the current work, we aimed to study and characterize the cognitive mechanisms 686 

underlying non-reinforced preference modification with CAT 12, focusing on the training phase 687 

itself. The CAT task has a standardized procedure which includes an initial preference evaluation 688 

task, a non-reinforced training phase on individual items, and a binary probe phase, the CAT task 689 

provided an exceptional opportunity to aggregate together data from multiple different studies and 690 

build a large corpus of non-reinforced training data. The current work focused on identifying 691 

learning processes via computational modeling of the training data and examining its association 692 

with subsequent behavior change.  693 

For this aim, in the first part of the current work we examined previously collected data of 694 

n=864 participants from 29 different CAT experiments in a meta-analysis and identified a distinct 695 

time-dependent RT pattern during the training task. We found that while in early stages of the 696 

training, participants depended on the Go cue to initialize response (homogeneous RTs following 697 

cue onset), as training progressed, participants relied less on the Go cue and started to generate 698 

fast anticipatory responses. This raised the hypothesis that a marker of transition from cue-699 

dependent responses to early anticipatory responses could be indicative of learning and subsequent 700 

preference changes.  701 

Using a Bayesian computational framework implemented with Stan, a statistical model of 702 

RT patterns was formulated. RTs were postulated to derive from a mixture model of two Gaussian 703 

distributions and a time-dependent mixture proportion, which accounted for the transition speed 704 

from late cue-dependent responses to early anticipatory responses. The model parameters were 705 

estimated with MCMC algorithm, with a key participant-level 𝜃  parameter, which modeled 706 

the individualized difference between participants in transition to anticipatory responses rate. This 707 

Bayesian parameter was used as a passive computational marker of learning.  708 

Examining the association between the individualized learning parameter and preference 709 

modification effect in the subsequent probe task, showed a positive association in which 710 
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participants with more robust learning parameter estimates during training also demonstrated 711 

stronger preference modification effect in the subsequent probe phase (i.e., enhanced preference 712 

for the Go stimuli over NoGo stimuli of similar initial value). Thus the 𝜃  parameter, which 713 

was optimize to model RT pattern during training, was found to be good predictor of preference 714 

modification effect in a future probe task. An additional analysis modeling RT using a more finely 715 

tuned learning 𝜃
,

 parameter, fitted for the individual stimuli, further expended these findings, 716 

and demonstrated positive predictive power of 𝜃
,

 in evaluating preference modification 717 

effect on a stimulus-level basis, above and beyond the more general participant-level parameter.   718 

Based on the results of Study 1, we derived a theoretical hypothesis with implication for 719 

shaping learning efficacy and consequently also the effect of training on preference behavior. If 720 

faster transition to anticipatory responses is related to learning, then hindering the ease of cue 721 

anticipation could also obstruct learning and resulting in less pronounces preference modification 722 

effect. To examine this hypothesis, we design a novel CAT procedure, which was tested in a 723 

preliminary experiment and an additional larger preregistered replication experiment. Cue 724 

anticipation was manipulated by introducing two training conditions within the CAT task - in the 725 

100%-contingency condition, the Go stimuli perfectly anticipated Go cue onset, while in the 50% 726 

contingency condition, the Go stimuli only anticipated the Go cue in half of the trials throughout 727 

the task.  728 

Manipulating cue-contingency during CAT induced the expected effects both in the 729 

training and in the probe task. During training, participant relied less on early anticipatory 730 

responses and transitioned slower to anticipatory responses in the 50% contingency condition. This 731 

effect was captured by the 𝜃  estimates, which were larger in the 100% contingency condition 732 

compared with the 50% contingency condition. More importantly, in the subsequent probe phase, 733 

a consistent pattern of stronger preference modification effect was observed for the 100% 734 

contingency Go stimuli. Thus, manipulating training difficulty has also affected future preference 735 

modification measured in the probe phase. When individual differences in preference modification 736 

were examined, 𝜃  marker accounted for a large portion of variability in choices, while no 737 

significant difference was found between the two contingency conditions above and beyond the 738 

𝜃  effect. This suggest that the more robust preference modification effect observed for the 739 

100% contingency Go stimuli, was captured by the stark differences in 𝜃  learning marker. 740 
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Furthermore, the fact that intentionally manipulating the training procedure in Study 2 induced 741 

differential learning parameter estimates as well as differential behavioral change effect, further 742 

supports the hypothesis of a causal nature of the association with the behavioral change. Thus, it 743 

is plausible to deduce that shaping training, which was captured by the individualized learning 744 

parameter, has driven the induced differential behavior modification effect, as evaluated in the 745 

subsequent probe phase. It is important to note that although the cue-contingency was different 746 

between the two conditions, the actual exposure-time to the stimuli was identical. Thus, the 747 

enhanced preference for Go stimuli in the 100% contingency condition could not be accounted for 748 

by mere exposure effect 6. 749 

These findings, showing a consistent link between motor-planning during training and 750 

preference modification in probe, correspond with previous works, which showed that rapid 751 

response is a crucial feature for preference modification with CAT 13, and neural finding showing 752 

that increased striatal and premotor activity during training, were associated with more robust 753 

preference modification effect 18. The results suggest that learning efficacy in the training phase is 754 

manifested as stimulus-specific motor planning. Importantly, all participants were alert and 755 

attentive during throughout the training phase, as demonstrated by the negligible rates of non-756 

response. However, it evident that mere attention is not sufficient to induce strong preference 757 

modification, but rather an attention that can be translated to action, suggesting a unique valuation 758 

pathway in the absence of external reinforcements, putatively based on parieto-frontal circuits 759 

involving attention with motor-planning 5.  760 

To produce an anticipatory response for a Go stimulus, participants must also rely on 761 

memory. Thus, it is possible that the anticipatory response pattern captured in our data identified 762 

individualized difference in memory which in turn mediated a change in preferences 22. This 763 

hypothesis is in line with previous findings with CAT which identified a positive association 764 

between preferences modification and enhanced memory both at the participant-level 15 and at the 765 

stimulus-level 19. Future imaging studies could examine the new task design with fMRI to identify 766 

whether the two contingency conditions can be characterized with differential neural activation 767 

pattern.   768 

In addition to a basic understanding of the cognitive mechanisms of non-reinforced 769 

learning, identifying a learning marker based on early training runs could be used to design 770 

powerful prediction tool for learning efficacy, with relevance to other paradigms and situations 771 
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that share the basic training/transfer structure of the current studies. A naïve approach to evaluate 772 

learning-efficacy during training tasks such as CAT might be tempted to introduce direct 773 

measurements of behavior-change throughout the training process, e.g. by asking participants to 774 

make active value-based choices 39,40. However, it has been shown that the mere act of choice 775 

could induce a longitudinal effect of enhanced preference for the chosen stimuli 8,9,41. Therefore, 776 

probing preference within a preference modification training, is likely to alter the learning process 777 

and undermine its validity. Moreover, in more standard learning procedures, such as conditioning-778 

based interventions, to examine the efficacy of learning researchers observe the subject’s response 779 

to the conditioned stimulus when the associated unconditioned stimulus is omitted e.g., 42–49. Over 780 

repetition of probe tests in all of these procedures might initiate a new learning procedure – where 781 

the conditioned stimulus is no longer associated with the unconditioned stimulus, which would 782 

eventually lead to extinction-learning 50–53.  Thus, evaluating learning by active probing of the 783 

behavior-change effect could interfere with the learning process. However, a passive marker for 784 

learning which can predict behavioral change efficacy based on earlier training data, does not 785 

evoke the drawbacks of introducing an active choice task to reveal preferences. Using a passive 786 

learning marker which is evaluated based on independent training data that preceded the probe 787 

phase, overcomes this obstacle. The temporal primacy of 𝜃  estimation could provide a 788 

prediction tool for future preference modification in CAT, without tainting the results with a direct 789 

evaluating of preferences using a choice task. 790 

The benefits of real-time individualized markers for learning could also be of great value 791 

for additional learning and behavior change procedures beyond CAT. In many learning tasks 792 

(including CAT), the behavioral change effect on choices is measured in a separate probe phase, 793 

proceeding the training phase. For example, in experiments testing pain perception, participants 794 

are trained to associate neutral stimuli with differential level of painful heat stimulation before 795 

probing the impact of interventions such as drug versus placebo administration 54,55. Studies 796 

examining habit formation may use lengthy free-operant learning protocol, in which participants 797 

repeatedly perform an action (such as pressing a button) to gain food rewards, in order to test in a 798 

later probe phase whether the participants demonstrate habitual behavior and continue to perform 799 

the action even when the reward is devalued (e.g., pressing to get food when satiated) 56–58. And 800 

even outside the field of value-based decision making, in the clinical psychological wellbeing 801 

domain, attention bias modification (ABM) procedures use computerized attention training 802 
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interventions similar in nature to CAT to treat depression and anxiety 59–61. In such experimental 803 

settings, where training is either unpleasant or exhausting, with plausible odds that learning would 804 

not be well-established if under-trained, monitoring learning efficacy individually based on the 805 

training data could assist in optimizing training efficacy and efficiency. While the current work 806 

focuses on CAT, we assert that the basic mechanisms identified by the current work, could be 807 

adapted to accommodate a need in a wider range of learning procedures. With an appropriate 808 

adaptation to the desired experimental design, this unique feature of a passive computational 809 

marker which is predictive of subsequent change, opens a new path for potential interventions that 810 

will allow more efficient training via monitoring and real-time feedback 62,63. 811 

The current work’s approach in modeling learning using RT could also be applicable in 812 

experimental designs which do not separate the probe from the training task, such as 813 

reinforcement-learning tasks, where learning can be evaluated as it progresses on a trial by trial 814 

basis 64–67. Since RT patterns could be indicative of the individual’s confidence in her choice during 815 

reinforcement learning tasks such as probabilistic selection 48,49 or multi-arm bandit task 68,69, 816 

incorporating RT data could improve standard reinforcement learning models and capture learning 817 

more accurately 70. 818 

Some limitations were not directly tested in the current work and should be addressed in 819 

future studies. Primarily, in Study 2 of the current work, we only demonstrated that learning and 820 

preference modification could be hindered using a more difficult association procedure. However, 821 

our theory also predicts that easing the association procedure could enhance learning efficacy and 822 

preference modification effect. Further work should empirically test this hypothesis, for example 823 

by examining the effect of enhancing the Go cue saliency or attention during predefined Go stimuli 824 
25,71,72, or by manipulating the temporal features of training schedule 73. Furthermore, by instructing 825 

participants to respond when they have enough confidence that a Cue will follow, we might have 826 

introduced an undesired confound to the task in the subjectivity of confidence each participant 827 

need to respond; i.e., some participants might have learned well the association between a stimulus 828 

and the Go cue but were reluctant to respond before they validate that in a 50% contingency 829 

condition a cue will appear. Although such confound does not undermine the validity of the 830 

findings, future studies should avoid it and try to examine a differential effect in which the 831 

difference between conditions reflect only task difficulty, for example, by asking to respond to 832 
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stimuli which at any point were associated with a cue, or by clarifying in the instruction that a 833 

response based on guess is also valid.  834 

Utilizing a Bayesian computational framework, such as the one used here, provided great 835 

flexibility required to fit complicated theoretical model. However, the very same advantage of 836 

flexibility could also be of disadvantage, when overfitted to the data or abused to examine the same 837 

problem from different approaches until reaching a desired outcome, which could have great 838 

impact on the reliability and replicability of the results 74–76. To address this issue, we aimed to use 839 

a relatively straightforward model, with as similar features as possible in all studies. We carefully 840 

documented the experimental choices in a preregistration before data was collected for an 841 

independent replication experiment. Future studies could take the liberty to use the openly 842 

accessible data from this work and try to improve the model by changing our current assumptions 843 

including distributions’ shape, free parameters, and priors.  844 

In conclusion, the current work laid the foundations for understanding and quantifying non-845 

reinforced learning via novel Bayesian modeling approach of RT pattern during training. Using a 846 

large meta-analysis dataset of previous CAT studies and two new original experiments, we 847 

demonstrated a unique method to evaluate a learning marker with a robust predictive power of 848 

subsequent preference change. Thus, we propose that motor response pattern could provide a 849 

passive marker for value-change, which does not require direct measurement of preferences.  850 

Methods 851 

 Data availability. The entire dataset and analysis codes of the meta-analysis as well as of 852 

the novel experiments presented in Study 2 of the current work, are available online at: 853 

https://github.com/tomsalomon/CAT_Individualized_Learning.  854 

Study 1 – CAT meta-analysis 855 

Data collection and sample sizes. For study 1 meta-analysis, the data from 29 previous 856 

CAT experiment was combined. The dataset included 21 experiments from published works by 857 

our research group and collaborators 12–16,18,19,21, as well as eight additional unpublished works, 858 

which were collected as part of the preparations for previously published manuscripts, or are 859 

planned to be published in the future. The experiments comprised of a median sample size of n = 860 

26 (Msample size = 29.79, range = [23, 70]; see Table 1 for information of the sample size in each 861 

experiment, and the supplementary data for more detailed description of the unpublished data).  862 

Table 1. Experiment included in the meta-analysis.  863 
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Exp. Stimuli n Training  
runs 

Go cue Publication  
(exp. number in publication a) 

1 Fractal art 25 12 Auditory Salomon et al., 2018 (2) 
2 IAPS positive 27 12 Auditory Salomon et al., 2018 (3) 
3 IAPS negative 28 12 Auditory Salomon et al., 2018 (4) 
4 Snacks (IL) 25 20 Visual Salomon et al., 2018 (5) 
5 Snacks (IL) 25 20 Neg. auditory Salomon et al., 2018 (6) 
6 Faces 25 20 Auditory Salomon et al., 2018 (7) 
7 Fractals 25 20 Auditory Salomon et al., 2018 (8) 
8 IAPS positive 29 20 Visual Salomon et al., 2018 (9) 
9 IAPS negative 32 20 Visual Salomon et al., 2018 (10) 
10 Faces: politic. 25 20 Auditory Unpublished 
11 Faces: politic. 39 20 Auditory Unpublished 
12 Faces 42 16 Auditory Salomon et al., 2019 
13 Faces: affective 42 20 Auditory Unpublished 
14 Faces: affective 70 20 Auditory Unpublished 
15 Fractals 29 16 Auditory Aridan et al., 2019 
16 Snacks (US) 26 12 Visual Unpublished 
17 Snacks (IL) 24 20 Visual (Reward)b Unpublished 
18 Snacks (IL) 30 16 Auditory Botvinik-Nezer, Bakkour, et al., 2021 (1) 
19 Snacks (IL) 25 16 Auditory Botvinik-Nezer, Bakkour, et al., 2021 (Pilot) 
20 Snacks (IL) 23 12 Auditory Unpublished 
21 Snacks (IL) 25 20 Auditory Unpublished 
22 Snacks (US) 29 12 Auditory Schonberg et al., 2014 (1) 
23 Snacks (US) 25 8 Auditory Schonberg et al., 2014 (2) 
24 Snacks (US) 25 12 Auditory Schonberg et al., 2014 (3) 
25 Snacks (US) 27 16 Auditory Schonberg et al., 2014 (4) 
26 Snacks (US) 26 16 Auditory Schonberg et al., 2014 (7) 
27 Snacks (US) 30 12 Auditory Bakkour et al., 2017 
28 Snacks (US) 25 16 Auditory Bakkour et al., 2016 
29 Snacks (IL) 36 16 Auditory Botvinik-Nezer, Salomon, et al., 2019 

a In papers with multiple experiments, we note in parenthesis the experiment number or title as can 864 
be found in the related manuscript. 865 
b in experiment 16 a visual cue was used indicating to participants they were awarded with a sum 866 
of money, which accumulated throughout the training phase. 867 
 868 

All participants gave their informed consent to take part in the experiments. In most 869 

experiments, participants received monetary compensation for their time, and in few experiments, 870 

some participants took part in the experiment in exchange for course credit. All experiments were 871 

approved by the ethical review board of the institutes where they were performed (Tel Aviv 872 

University, The Hebrew University of Jerusalem, University of Texas at Austin, and McGill 873 

University).  874 

Stimuli. The different experiments included in Study 1 examined the effect of CAT on 875 

preferences for various stimuli (see table 1 for a summary of all experiments). In most of the 876 

experiments, the stimuli set comprised of images of familiar local snack food items, popular in the 877 

US (eight experiments) or in Israel (eight experiments), which participants received for actual 878 
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consumption as part of the experiment. Other experiments used face stimuli of unfamiliar figures 879 

posing neutral expression from the Siblings dataset 37 (two experiments), unfamiliar faces with 880 

neutral and happy expression from the Karolinska directed emotional faces dataset KDEF; 77 (two 881 

experiments) or familiar faces of famous Israeli politicians (two experiments). Unfamiliar abstract 882 

stimuli of fractal art 78 were used in three experiments. Two experiments included positive 883 

affective stimuli from the international affective picture system 79,IAPS; 80 dataset and two 884 

experiments included negative affective stimuli from the IAPS dataset.  885 

 The face and snack stimuli were modified using Photoshop to remove any background 886 

features and create visual standardization within each experiment. In each experiment, all stimuli 887 

were colored images of identical dimensions, where the subject of the image (the snack or the face) 888 

was centered in the middle of the image frame and the background was replaced with homogenous 889 

background (either black or gray). In experiments with fractal art and IAPS stimuli, the images 890 

were only cropped to identical pixel dimensions. 891 

Go stimuli used in the CAT task. In most experiments (23 out of 29) a neutral auditory cue 892 

was used as Go cue during the cue-approach training task. In the remaining experiments a neutral 893 

visual cue (Experiments 4, 8, 9, and 16), an aversive auditory cue (Experiment 5), or a visual cue 894 

indicating a reward (Experiment 17), was used. Both types of visual cues (neutral and reward 895 

related) comprised of a semi-transparent Gabor shape, presented on top of the associated Go 896 

stimuli. In experiment 17, the appearance of the visual cue indicated to the participant that she or 897 

he had won an additional amount of money, which accumulated across the training task.  898 

Procedure. While the different experiments diverged in several aspects of their procedure, 899 

all experiments maintained three key phases: an initial-preferences evaluation task, followed by a 900 

training task, and a probe task (see Figure 1 for illustration of the procedural design).  901 

Initial preferences evaluation task. In the first task of the experimental procedure, 902 

participants were exposed to the complete set of stimuli for the first time and were required to 903 

indicate their subjective preferences using one of two tasks. To evaluate participants’ preferences 904 

in experiments using consumable snack food stimuli, participants performed a Becker-DeGroot-905 

Marschak (BDM) auction procedure 36. Participants were allocated with either 3 USD (in 906 

experiments conducted in the US) or 10 ILS (in experiments conducted in Israel; approximately 907 

equivalent to 3.1 USD) which were used to bid on the snack-food stimuli, presented one by one. 908 

Participants were informed that at the end of the experiment, one of the trials will be randomly 909 
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selected, for which the computer will generate a counter bid. If the participants’ bid was higher 910 

than that of the computer, they were required to purchase the snack for the lower price bided by 911 

the computer. Participants purchased the snack for actual consumption at the end of the 912 

experiment. However, if the computer’s bid was higher, participants got to keep the allocated sum 913 

of money. Participant were explicitly instructed that the best strategy for the task is to indicate 914 

their true subjective preference. Prior to their participation, participants were asked to fast for at 915 

least 3 hours, to make sure they were hungry and incentivized to purchase the food items, according 916 

to their subjective preferences. 917 

In experiments with of non-consumable stimuli (such as fractals and faces), which are less 918 

appropriate to be evaluated using a monetary scale, preferences were evaluated using a binary 919 

ranking procedure. Participants were presented in each trial a random pair of stimuli and were 920 

required to choose the stimuli they prefer better. Based on the idea of choice transitivity, binary 921 

choices were quantified to produce subjective value ranks using the Colley Matrix ranking 922 

procedure 81.  923 

Following the BDM or binary choice task, stimuli were ranked-ordered according to 924 

subjective preferences. The ranks of the stimuli were used as a basis to form two value-groups - 925 

one of high-value stimuli (above-median rank) and a group of low-value stimuli (below median 926 

rank). The size of the value groups differed between experiments (having 8, 12 or 16 stimuli per 927 

value group). In each of the value-groups, half of the stimuli were allocated to be associate with 928 

the Go stimuli and response in the subsequent CAT task (Go stimuli), and the other half of stimuli 929 

was allocated to be presented in CAT without Go cue (NoGo stimuli).  930 

Allocation for Go and NoGo stimuli within each value category maintained an equal mean 931 

rank for Go and NoGo stimuli - e.g., for a high-value group consisting of eight stimuli, the stimuli 932 

ranked 8, 11, 12, and 15 were allocated to be Go stimuli, while stimuli ranked 9, 10, 13, 14 were 933 

allocated to be NoGo stimuli, such that both allocations were characterized with a mean rank = 934 

11.5. The Go / NoGo allocation was counterbalanced across participants. 935 

Cue Approach Training (CAT). In the CAT task, stimuli were presented individually on 936 

the screen center for a fixed duration of one second (except for Experiment 27, where the duration 937 

was extended to 1.2 seconds for compatibility with fMRI scanning protocol). In each experiment, 938 

all training stimuli were presented once in each training run, thus the number of training runs 939 

indicate the number of stimulus repetitions. A fixed proportion of stimuli per experiment 940 
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(commonly 30% of stimuli; range 25%-40%) were Go stimuli. When a Go stimulus appeared, a 941 

delayed Go cue appeared after a Go signal delay. Participants were asked to respond to the Go cue 942 

with a button press as rapidly as possible, before the stimulus offset (one second after the stimulus 943 

onset). The Go signal delay was adjusted according to the participant’s performance - a failure to 944 

respond before stimulus offset resulted in 50ms shortening of the Go signal delay (thus reducing 945 

the task difficulty for the following trial), while a successful response on time resulted in 16.667ms 946 

increase of the next Go signal delay (making the task more difficult; 1:3 ratio of signal delay 947 

increase to decrease). The Go signal delay commonly started at 750ms, and ranged around 700ms 948 

(across experiments, M = 691.78, SD = 102.77).  949 

The training phase in each experiment, consisted of 8 to 20 training runs (see Table 1). 950 

Participants were not informed in advance of the contingency between Go signal and Go stimuli. 951 

However, as they were repeatedly exposed to the same stimuli, in the later runs of the task, some 952 

of the participants were able to identify the Go stimulus and cue association, thus producing 953 

accurate faster responses, sometimes even preceding the Go cue onset. This measurement of RT 954 

to Go stimuli trials was used in this current work as our main behavioral measurement for the CAT 955 

learning model. The details of the model are further discussed below. 956 

Probe. In the final probe phase, preference modification following CAT was evaluated. 957 

The probe phase was usually preceded by a ‘filler’ task such as filling up questionnaires or ranking 958 

liking for fractal art images. This task generally provided some time for consolidation and a 959 

dissociation between the CAT and probe phases. In the probe task, participants were presented 960 

with pairs of stimuli of the similar initial subjective value (both high-value stimuli or both low-961 

value). In each pair, one of the stimuli was a Go stimulus and the other was a NoGo stimulus. 962 

Preference modification was evaluated as the proportion of trials in which participants chose the 963 

Go stimulus over the NoGo stimulus, above and beyond the expected 50% chance level. This 964 

measurement was used as the main outcome variable which indicated preference modification 965 

following CAT. 966 

Analysis. In Study 1, we aimed to identify a marker for learning in the CAT task. To 967 

achieve this goal, we examined RT patterns in the task. In an exploratory analysis of the meta-968 

analysis data, we identified that as training progressed, mean RT in the task was reduce. We 969 

hypothesized that as the training task progresses, participants that were able to identify and learn 970 

the stimulus-cue contingency pattern, and thus could generate faster Go responses which do not 971 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 21, 2022. ; https://doi.org/10.1101/2022.03.20.484477doi: bioRxiv preprint 



Computational marker for learning 

36 
 

rely on the delayed Go cue onset, but rather on the Go stimulus onset. We formally modeled this 972 

process in a single experiment before testing it on the entire meta-analysis dataset. 973 

Computational model of CAT. To model our proposed cognitive mechanism we utilized a 974 

Bayesian modeling approach of the RT in the CAT task, using the R implementation of Stan 975 

programing language 38. RTs were modeled as a mixture of two gaussian distributions (Equation 976 

1) – one Gaussian of shorter mean RT, representing the early anticipatory responses generated 977 

when the stimulus-cue association is predicted by the participants; and a second Gaussian with a 978 

later mean RT following the cue-onset (i.e., a distribution representing standard cue-dependent 979 

responses). 980 

 𝑅𝑇 , − 𝐶𝑢𝑒 , = 𝑁 𝜇 , 𝜎  𝜃 , + 𝑁 𝜇 , 𝜎 (1 − 𝜃 , ) 

𝜃 , = 𝛷 −3.1 +  𝜃 𝑅𝑢𝑛 ,  
𝜃 ~𝑁(𝜃 , 𝜎 )  

 𝜇 < 0,  𝜇 > 0;  𝑡 –  𝑡𝑟𝑖𝑎𝑙 𝑖𝑛𝑑𝑒𝑥;  𝑖 –  𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝑖𝑛𝑑𝑒𝑥 

1 

 The 𝜃 ,  mixture probability of the two Gaussian distribution was used to determine the 981 

proportion of trials participants were expected to produce early anticipatory response (1). It was 982 

defined using a linear function of time-dependent 𝜃  parameter, which was multiplied by the 983 

scaled training run index (training repetition), scaled to 0-1, where 0 and 1 indicating the first and 984 

last (20th) training repetition, respectively. This 𝜃  parameter was fitted individually for every 985 

participant and was therefore defined conceptually as the individualized learning parameter of 986 

interest. To scale the linear function to a range suitable for proportions (0 – 1), we used the normal 987 

CDF as a link function. 988 

 The baseline proportion of early anticipatory responses (at the first training run) was fixed 989 

at the value 𝜃  = -3.1, corresponding with probability of 0.1% to generate an anticipatory response. 990 

Thus, the individualized learning parameter could be interpreted as the sole parameter effecting 991 

the mixture proportion for the two Gaussian distributions, e.g., 𝜃  = 3.1 would be interpreted 992 

as a 𝛷(0) = 0.5, 50% proportion of anticipatory responses at the final (20th) training run. The 993 

individually fitted 𝜃  parameter was determined in the current work as the computational 994 

marker of learning and was our main parameter of interest. See Supplementary Code 1 for a 995 

complete specification of the model parameters and priors. 996 

 The model’s parameters were evaluated using Markov-chain Monte Carlo (MCMC) 997 

gradient algorithm, implemented with RStan 38. Each model was evaluated four independent times, 998 
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with chains length of 2000 (1000 chain links burn-out time). The mean values of each parameter 999 

of the converged model were used as the parameter estimates and are reported along with 95% 1000 

credible interval (CI). All reported results converged onto stable solution with 𝑅 = 1. 1001 

 To maintain stable interpretation of μ1 and μ2 as the centers of anticipatory and cue-1002 

dependent responses, respectively, an upper threshold of 150ms from cue onset was imposed on 1003 

the μ1 parameter, and a lower threshold of 200ms was for μ2 parameter. Thus, in every chain μ1 1004 

was imposed the role of the earlier anticipatory responses. Alternative formulation forms of the 1005 

computational model were also considered and tested, including using 0ms as both upper and lower 1006 

threshold for the distribution means, using a log-normal distribution instead of a normal 1007 

distribution, and fitting a unique 𝜇  parameter for each participant. However, these models either 1008 

did not converge when applying to the entire dataset or converged with some issues. Initially we 1009 

used 0ms as an upper threshold for 𝜇 , which caused the parameter to converge at this maximal 1010 

threshold. Using a unique 𝜇   parameter for each participant was theoretically favorable (and 1011 

indeed used in Study 2), but could not be applied in Study 1, potentially either due to computational 1012 

challenges (fitting many more inter-dependent parameters) or due to the complex structure of the 1013 

data (e.g., where anticipatory responses were intertwined with late responses due to changing go 1014 

signal delay) 1015 

 Computational model of CAT with stimulus-level parameters. In an exploratory model, 1016 

designed following the analysis of Study 2, we aimed to fit a stimulus-level learning parameter. 1017 

For each stimuluss which was presented to participanti, we fitted an individualized 𝜃
,

 1018 

parameter, which was used instead of the participants-level individualized learning parameter 1019 

(𝜃 ), see Supplementary Code 2. Initially, we attempted to model a participant-level 1020 

dependence, by modeling 𝜃
,

 as a parameter derived from higher-level 𝜃  participant-1021 

level parameter, similarly to the design in Study 2 (see below). However, such model with tens of 1022 

thousands of 𝜃
,

 parameter estimates that covaried with hundreds of 𝜃  parameters was 1023 

computationally too demanding. To simplify the model structure, 𝜃
,

 parameter was modeled 1024 

independently of participants’ identity (i.e., not considering within-participant possible effect; see 1025 

Supplementary Code 2). 1026 

Deviation from previous version and pre-registration. In our pre-registration, we used an 1027 

identical Stan model with one key difference – to enforce an order in which 𝜇 , 𝜎  would relate to 1028 
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early anticipatory RTs and 𝜇 , 𝜎  would relate to late cue-dependent RTs, a different restriction 1029 

was set in which the upper and lower limit of 𝜇  and 𝜇 , respectively, were set to 0 (Cue onset), 1030 

instead of the final limits set to 150ms and 200ms. Running the model with these different 1031 

restrictions converged to a stable solution. Early anticipatory responses were modeled as having 1032 

an earlier mean (𝜇  = -0.04ms, 95%CI [-0.16, 0.0], 𝜎  = 283.02, 95%CI [280.56, 285.62]) and 1033 

late cue-dependent responses were very similar to the new model (𝜇  = 287.71ms, 95%CI [287.26, 1034 

288.16], 𝜎  = 76.97, 95%CI [76.62, 77.32]). Other parameters were also very similar (𝜃  = 1035 

3.49, 95%CI [3.20, 3.77]), with variation between participants (𝜎  = 4.16, 95% CI [3.93, 1036 

4.39]). All reported association with probe phase remained very similar. 1037 

While the model showed no formal convergence errors (see trace plots of parameters in 1038 

Supplementary Figure 8), the μ1 parameter estimate seemed to have been affected by the artificial 1039 

limitation which was imposed on its maximal value for technical reasons (to avoid inversion with 1040 

μ2 across the different chains). Throughout the different chains, the final parameter converged 1041 

around the upper limit set to 0 (the Cue onset). After several experimental attempts to change this 1042 

limit, we found the increasing 𝜇  lower limit to 150ms resulted in a better solution, in which μ1 1043 

parameter estimate did not converge around the uppermost limit. This model is the final model we 1044 

chose to use and report here. 1045 

 Probe analysis. To evaluate the effect of CAT on preferences we analyzed the proportion 1046 

of trials in which participants chose the Go stimulus over the NoGo stimulus in the probe phase, 1047 

using mixed-model logistic regression. As Go and NoGo stimuli were matched based on initial 1048 

value, under the null hypothesis, participants were expected to choose Go stimuli at 50% of trials 1049 

(log-odds = 0; odds = 1). The results of this analysis were of main interest in previous publications 1050 

and is reported in the current work for unpublished data (see supplementary materials). 1051 

 While early work with CAT task showed a differential effect of value on CAT effect on 1052 

preferences - i.e. CAT usually had induced more prominent preference modification for stimuli of 1053 

initial high value, compared to stimuli of initial low value 12,13, more recent work with CAT found 1054 

that this effect was not a dominant feature of CAT 15,18,19,21. Thus, in the current work, we pooled 1055 

together data of stimuli with both high- and low-initial value.  1056 

 Probe and individualized-learning parameter association. Our main analysis of interest 1057 

aimed to evaluate the association of the CAT preference modification effect with the 1058 

individualized learning parameter 𝜃 , derived from the computational modeling of CAT. In a 1059 
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mixed model logistic regression analysis implemented with lme4 R package 82, the number of trial 1060 

each participant chose the Go versus NoGo stimuli was explained using the independent variable 1061 

of 𝜃  of each participant, as calculated in the preceding CAT task. The data was aggregated 1062 

over all participants in the 29 experiments. To account for the aggregation of different experiments 1063 

in the dataset, we also included random intercept and random slope terms for each of the 29 1064 

experiments, see logistic regression formula in Equation 2. 1065 

 𝐶ℎ𝑜𝑖𝑐𝑒 ~ 1 + 𝜃 + 1 + 𝜃 𝐸𝑥𝑝.  2 

 1066 

In an additional exploratory analysis (which was conceived after the analysis of Study 2), 1067 

we modeled choices using a stimulus-specific 𝜃
,
 parameter. We aimed to examine if 1068 

modeling a learning parameter at a more precise stimulus-level (contrary to the pre-registered 1069 

participant-level 𝜃  parameter), would serve as a more accurate predictor of future preference 1070 

modification. For this aim we merged the 𝜃
,
 which were estimated for each contingency with 1071 

the probe data. Choices (number of trials each Go stimuluss was chosen or not by each participanti) 1072 

were modeled with two additional models using 𝜃
,
 as an independent variable. In the first 1073 

model, 𝜃
,
 parameter estimates were used instead of 𝜃  estimates. Since 𝜃

,
 varied 1074 

within participants, which were nested within experiment, a nested random slope effect for 𝜃
,
 1075 

was also added (Equation 3a). In two additional models, probe choices were explained using a full 1076 

model with both 𝜃
,
 and 𝜃  (Equation 3b), and a nested model with the same IVs except 1077 

for the fixed and random effects of 𝜃
,
 (Equation 3c). Using a likelihood ratio test for nested 1078 

models (comparing model 3b with the nested model of 3c), we examined whether 𝜃
,
 provided 1079 

additional explanatory above and beyond 𝜃 . 1080 

  

𝐶ℎ𝑜𝑖𝑐𝑒~ 1 + 𝜃
,

+ 1 + 𝜃
,

𝐸𝑥𝑝./𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡  

3 
(a) 

 𝐶ℎ𝑜𝑖𝑐𝑒~ 1 + 𝜃
,

+ 𝜃 + 1 + 𝜃
,

𝐸𝑥𝑝./𝑃𝑎𝑟𝑡. + 𝜃 |𝐸𝑥𝑝.  (b) 

 𝐶ℎ𝑜𝑖𝑐𝑒~ 1 + 𝜃 + 1 + 𝜃 |𝐸𝑥𝑝.  (c) 

 Effect size estimation for mixed models with 𝑹𝑮𝑳𝑴𝑴
𝟐 . For the reported logistic regression 1081 

mixed model, we included an additional effect size score using a generalized linear mixed effect 1082 

model (GLMM) 𝑅  estimate, based on the work by Nakagawa, and Schielzeth (2013), 1083 

implemented with R’s Multi-Model Inference (MuMIn) package 83–86. Like 𝑅  in linear mixed 1084 
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model, 𝑅  was used to quantify the relative proportion of variance accounted by the three 1085 

generalized mixed model’s variance components: variance explained by the fixed effects (𝜎 ), 1086 

variance explained by the random effects (𝜎 ), and unexplained residual variance (𝜎 ). In 1087 

accordance with the developers’ suggestion 83,84, we report here two 𝑅  scores – the marginal 𝑅  1088 

(equation 4a), which signifies the proportion of total variance accounted by the fixed effects (𝜎 ); 1089 

and the conditional 𝑅  (equation 4b), which signifies the relative proportion of variance explained 1090 

by both the fixed and random effects of the model.  1091 

 

𝑅 ( ) =
𝜎

𝜎 + 𝜎 + 𝜎
 

4 
(a) 

𝑅 ( ) =
𝜎 + 𝜎

𝜎 + 𝜎 + 𝜎
 

(b) 

 1092 

In mixed models examining the contribution of stimulus-level computational marker 1093 

(𝜃
,
; Equation 3) 𝑅  values were similarly evaluated. However, it is important to note that 1094 

the basic unit of analysis in these model (choices per Go stimulus within participant) differ from 1095 

the unit of analysis in Equation 2 (choices per participant). Thus the 𝑅  values are not 1096 

comparable between the two models The 𝑅 ( ) used the participant-level model is the most 1097 

similar in structure and interpretation to “traditional” 𝑅  in ordinary linear model, representing the 1098 

proportion of variance explained by the (fixed) effects of interest, using the participant as the basic 1099 

unit of analysis.  1100 

 1101 

Study 2: Novel CAT design 1102 

Stimuli. In the two novel experiments, the stimuli set included images of 80 unfamiliar 1103 

faces from the Siblings dataset 37, 40 male and 40 female characters. As in previous CAT studies 1104 

with this stimuli set 15,18, the images were processed in Photoshop, so that all stimuli were cropped 1105 

to identical size (400×500 pixels), with the character’s pupils positioned at the same spatial 1106 

coordinates and a homogeneous gray background. The characters poised similar neutral expression 1107 

and had minimal salient artificial characteristics such as jewelry, make-up, or distinct facial hair. 1108 

Previous CAT studies with these stimuli found that a similar preferences enhancement for both 1109 

high- and low-value faces which were associated with a Go cue during CAT 15,18. Meaning, CAT 1110 
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had similar effect on preferences both for stimuli of initial low-value and of initial high-value. 1111 

Using face stimuli allowed us to pool together a larger sample of stimuli of different initial values, 1112 

under the reasonable assumption that the effect would show similar pattern across the different 1113 

initial value categories.  1114 

 During the CAT task, a visual Go cue was associated with some of the face stimuli. The 1115 

Go cue was identical to the one used in a previous study 15, it comprised of a semi-transparent 1116 

Gabor image (38×38 pixels, alpha = 0.7), which appeared at the center of the screen, on top of the 1117 

face stimuli. 1118 

Procedure. Like previous CAT experiments, the two novel preliminary and replication 1119 

experiments included three phases: a baseline preference evaluation task, a modified cue-approach 1120 

training task, and a post training probe phase which examined preference modification.  1121 

 Initial preference evaluation task. To evaluate initial preferences, participants underwent 1122 

a binary forced-choice task between random pairs of stimuli, as in previous CAT experiments with 1123 

non-consumable stimuli 15,18. The task included 400 unique choice trials (meaning, no choice 1124 

between the same two faces repeated more than once), during which each of the 80 face stimuli 1125 

was presented exactly 10 times. Each choice trial lasted 3000ms, of which participants were given 1126 

a 2000ms time window to make their choice. Choice trials were followed by a 500ms confirmation 1127 

screen, showing a green frame around the chosen stimulus, and a fixation cross, which was 1128 

presented for the remaining trial duration as inter-stimulus interval (ISI), for at least 500ms. In 1129 

case no choice was made during the 2000ms time-window, a screen saying “You must respond 1130 

faster” appeared for 500ms, followed by a 500ms ISI.  1131 

Binary choices were transformed into individual preference scores using the Colley ranking 1132 

algorithm 81. Stimuli were ranked based on each participant’s individual initial preferences from 1133 

the highest value (1) to lowest value (80). Ranks were used to categorize the stimuli into 10 equal-1134 

size value groups (each containing eight stimuli; ranks 1-8, ranks 9-16, etc.). The value categories 1135 

and internal ranks within each category were used to allocate conditions in the subsequent training 1136 

and probe task, ensuring initial values were balanced across 100% and 50% contingency 1137 

conditions, as well as across Go and NoGo stimuli within each value-category, which would be 1138 

pitted against each other in the subsequent probe phase. 1139 

Cue-approach training. The CAT task consisted of 20 training runs, in each run all 80 1140 

stimuli were presented in a random order for 1000ms each, with a 500ms ISI. In 30% of trials a 1141 
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visual semi-transparent Go cue appeared 850ms following the stimulus onset for 100ms at the 1142 

center screen position, on top of the face stimulus. Unlike previous CAT experiments, the Go cue 1143 

onset did not change throughout the training task. Thus, actual RT was consistent with effective 1144 

RT (RT from cue onset).  1145 

Three Go association conditions were included in this modified version of the CAT – 16 1146 

stimuli were always presented with the Go cue (Go stimuli, 100% contingency condition), 16 1147 

stimuli were associated with the Go cue during half of the presentations (Go stimuli, 50% 1148 

contingency condition), and the rest of the stimuli were never followed with a Go cue (NoGo 1149 

stimuli). Participants were instructed to respond to Go stimuli by pressing a keyboard button as 1150 

fast as they can, before the face-stimulus disappear. Participant were told in the instruction of the 1151 

three Go cue contingencies, and that they may respond when they see the or even when they 1152 

anticipate the cue will appear shortly (see the task instruction as presented to the participants in 1153 

Supplementary Figure 4). Unlike previous CAT studies, participants were explicitly told of the Go 1154 

contingency and were thus encouraged to initiate anticipatory responses preceding the actual cue 1155 

onset, while maintaining high accuracy by only responding when they have sufficient confidence 1156 

that a cue will follow.  1157 

Stimuli were allocated with a go contingency condition based on initial preferences. 1158 

Stimuli were categorized into 10 equal sized initial value categories, each containing eight stimuli. 1159 

The stimuli in the highest and lowest initial value categories were allocated to be all NoGo stimuli. 1160 

Of the middle eight value categories, four were allocated to be 100% contingency and 50% 1161 

contingency condition category. Within each of the eight middle categories, half of the stimuli 1162 

were Go stimuli and the other half were NoGo stimuli. The role allocation between categories and 1163 

within them was designed so that initial values were balanced across the groups E.g., within the 1164 

second value categories, stimuli ranked 9, 12, 13, and 16 were allocated to be Go stimuli, while 1165 

stimuli ranked 10, 11, 14, and 15 were allocated to be NoGo stimuli (thus, each group had the 1166 

same mean rank of 12.5; see illustration in Figure 9). The conditions allocation by initial value 1167 

was counter-balanced across participants. 1168 

 1169 

Value  
category 

Ranks Contingency  
for Go stimuli  

  Value rank Go allocation 

1 (highest) 1 – 8 All NoGo   9 100% Go 
2 9 – 16 100%   10 NoGo 
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3 17 – 24 50%   11 NoGo 
4 25 – 32 50%   12 100% Go 
5 33 – 40 100%   13 100% Go 
6 41 – 48 100%   14 NoGo 
7 49 – 56 50%   15 NoGo 
8 57 – 64 50%   16 100% Go 
9 65 – 72 100%     
10 (lowest) 73 – 80 All NoGo     

Figure 9. Go stimuli allocation illustration. Both allocations to Go contingency condition (100% 1170 
versus 50%) and Go/NoGo stimuli were balanced based on initial subjective value. Go stimuli of 1171 
50% contingency were associated in 10 out of the 20 training runs with the Go cue. Different 1172 
designs were counter-balanced across participants by switching between 100% and 50% 1173 
contingency categories positions and within category Go/NoGo positions.  1174 
 1175 
 All Go stimuli of the 50% contingency condition were associated with the Go cue in the 1176 

last two runs as well as in eight additional runs (in total - 10 out of 20 run). This was done for 1177 

potential future implementation of the task in an MRI scanner, which have not been done at the 1178 

time of this manuscript write-up. 1179 

 Probe. In the probe phase, preference modification effect was examined using a binary 1180 

forced choice task, in which participants chose their preferred stimulus of pairs Go versus NoGo 1181 

stimuli, of similar initial value. Each Go stimulus was pitted against the four NoGo stimuli within 1182 

the same initial value category (e.g., Go stimuli ranked 9, 12, 13, and 16 were pitted against NoGo 1183 

ranked 10, 11, 14, and 15). Participants had 1500ms to make their choice, which was followed by 1184 

a 500ms confirmation feedback (or a message prompting faster response, in case no choice was 1185 

made), and an ISI of varying duration (1000ms – 9500ms, M = 3000ms), drawn from a truncated 1186 

exponential distribution with 100ms precision. 1187 

 Choices of the 100% contingency condition and 50% contingency condition were merged 1188 

across the different value categories and analyzed with a mixed-logistic regression model. We 1189 

hypothesized that participants would choose the Go stimuli over NoGo stimuli, and that this 1190 

preference modification effect would be more robust for the 100% contingency condition. We also 1191 

hypothesized that individual 𝜃  parameter from computational modeling of the training task, 1192 

would predict which participants would demonstrate stronger preference modification effect.  1193 

 Participants. In the preliminary experiment and replication experiment n = 20 and n = 59 1194 

valid participants completed the experiment and were included in the analysis, respectively. The 1195 

sample size of the preliminary experiments was based on the minimal sample size used in previous 1196 
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CAT studies. The sample size required for the replication sample was based on a power analysis 1197 

using the results of the preliminary experiment. A sample size of n = 59 was expected to be 1198 

sufficient to achieve 95% power to detect a significant correlation effect (α = 0.05) between probe 1199 

choices and the 𝜃  parameter estimates, in both 100% and 50% contingency conditions. The 1200 

power analysis and the resulting sample sized was documented in the pre-registration and its 1201 

supplementary materials (https://osf.io/nwr4v).  1202 

Three quality-assurance measurements were used as exclusion criteria, based on previous 1203 

studies with CAT 15,18,21 – (1) low variability of Colley scores in the initial preference evaluation 1204 

task (which indicate intransitive choice pattern), (2) proportion of false alarm during training, and 1205 

(3) proportion of missed Go trials during training. In each experiment, we excluded participants 1206 

with extremely low transitivity, high false alarm, or high miss rate (defined as 3SD from the group 1207 

mean). The exclusion criteria were pre-registered for the replication experiment, along with the 1208 

planned sample size.  1209 

 In the preliminary experiment, no participant was excluded due to the mentioned above 1210 

exclusion criteria (Transitivity score: M = 0.205, 3SD cutoff = 0.122, min valid score = 0.137; 1211 

False alarm rate: M = 3.62%, 3SD cutoff = 15.80%, max valid score = 15.27%; Miss rate: M = 1212 

6.33%, 3SD cutoff = 24.13%, max valid score = 21.04%). In the replication experiment, five 1213 

participants were excluded due to these pre-registered exclusion criteria: Two participants had low 1214 

transitivity score, one participant had high rate of false-alarm, and two participants had high rate 1215 

of missed Go trials (Transitivity score: M = 0.213, 3SD cutoff = 0.141, Mvalid = 0.216, min valid 1216 

score = 0.143; False alarm rate: M = 4.74%, 3SD cutoff = 39.00%, Mvalid = 3.49%, max valid score 1217 

= 37.59%; Miss rate: M = 7.59%, 3SD cutoff = 40.22%, Mvalid = 5.97%, max valid score = 38.75%). 1218 

 Analysis. Like the procedural design, the analyses of the two experiments were also 1219 

identical, and generally resembled that of the meta-analysis study, introducing some analysis 1220 

improvements which could not be applied in the meta-analysis.  1221 

 CAT computational model. The general goal and design of the Bayesian computational 1222 

framework in the two new experiments resembled that of Study 1. Participants’ RTs were modeled 1223 

as a mixture of two Gaussian distributions - one distribution of late, cue-dependent responses, and 1224 

another distribution of earlier anticipatory responses. A 𝜃 ,  mixture proportion determined the 1225 

probability of making an anticipatory response by the participanti at trialt. The 𝜃 ,  probability was 1226 

modeled as a monotonic function of time, using as an individual rate parameter. Unlike the meta-1227 
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analysis model, in Study 2, we introduced two distinct contingency conditions, thus for each 1228 

participant two 𝜃  parameters were modeled, namely one for the 100% contingency condition, 1229 

and one for the 50% contingency condition. Another discrepancy between the meta-analysis model 1230 

and Study 2 model, was an introduction of individual parameter for anticipatory responses center 1231 

(𝜇 ), which allowed flexibility in modeling individual differences in anticipatory responses onsets 1232 

(Equation 5). This model improvement was possible thanks to the more homogenous nature of the 1233 

data. Each experiment (preliminary and replication) was modeled separately. See the complete 1234 

model and priors in Supplementary Code 3.  1235 

 𝑅𝑇 , = 𝑁 𝜇 , 𝜎  𝜃 , + 𝑁 𝜇 , 𝜎 (1 − 𝜃 , ) 

𝜃 , = 𝛷 −3.1 + 𝐼 . ,
𝜃 % 𝑅𝑢𝑛 , + 1 − 𝐼 . ,

𝜃 % 𝑅𝑢𝑛 ,  

𝜃 % ~𝑁 𝜃 %,𝜎 %
;  𝜃 % ~𝑁 𝜃 %,𝜎 %

;  𝜇 ~𝑁(𝜇 , 𝜎 ) 

 
 𝜇 < 𝐶𝑢𝑒𝑂𝑛𝑠𝑒𝑡 + 100,  𝜇 > 𝐶𝑢𝑒𝑂𝑛𝑠𝑒𝑡;  

𝑡 –  𝑡𝑟𝑖𝑎𝑙 𝑖𝑛𝑑𝑒𝑥;  𝑖 –  𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝑖𝑛𝑑𝑒𝑥 
𝐼 . ,

− 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑖𝑛𝑑𝑒𝑥 (100% 𝑣𝑒𝑟𝑠𝑢𝑠 50%) 

5 

In an additional exploratory analysis (not pre-registered), we aimed to create an even more 1236 

accurate learning computational marker by modeling a 𝜃
,
 for every stimuluss that participanti 1237 

was trained with. Assuming that some variability in training speed could be measured not only 1238 

between participants, but also withing each participant. Since the actual stimuli which were 1239 

allocated to be Go stimuli varied between participants (i.e., for each participant the condition and 1240 

role of a certain image stimulus was different), we assumed no mutual information is shared 1241 

between the same stimulus index of different participants. Stimuli and participants were treated as 1242 

random effects (Equation 6). 1243 

 𝑅𝑇 , = 𝑁 𝜇 , 𝜎  𝜃 , + 𝑁(𝜇 , 𝜎 )(1 − 𝜃 , ) 

𝜃 , = 𝛷 −3.1 + 𝐼 . ,
𝜃

,
𝑅𝑢𝑛 ,   

 𝜇 < 𝐶𝑢𝑒𝑂𝑛𝑠𝑒𝑡,  𝜇 > 𝐶𝑢𝑒𝑂𝑛𝑠𝑒𝑡;  

𝑡 –  𝑡𝑟𝑖𝑎𝑙 𝑖𝑛𝑑𝑒𝑥;  𝑖 –  𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝑖𝑛𝑑𝑒𝑥; 𝑠 − 𝑠𝑡𝑖𝑚𝑢𝑙𝑢𝑠 𝑖𝑛𝑑𝑒𝑥 
𝐼 . − 𝑠𝑡𝑖𝑚𝑢𝑙𝑢𝑠 𝑖𝑛𝑑𝑒𝑥 (𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑐𝑜𝑛𝑡𝑖𝑛𝑔𝑒𝑛𝑐𝑦 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑠𝑒𝑝𝑎𝑟𝑎𝑡𝑒𝑙𝑦) 

6 

In the process of testing this novel approach, the model did not converge when presented 1244 

with the full data which included both 100% and 50% contingency conditions. However, when 1245 

trained twice, using each contingency-condition as an independent dataset, the model did 1246 

converge. See the complete model and priors in Supplementary Code 4. 1247 
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Probe. As in previous CAT studies, preference modification was evaluated following CAT. 1248 

Participants’ preferences for Go over NoGo stimuli were categorized into two conditions 1249 

corresponding with the CAT conditions – of 100% contingency and 50% contingency conditions. 1250 

Trials of the different value groups were pooled together and analyzed with a mixed model logistic 1251 

regression.   1252 

Based on the results of the meta-analysis, we hypothesized that better learning (manifested 1253 

as larger 𝜃  parameter estimate) would induce stronger preference modification effect. Thus, 1254 

we also hypothesized that a stronger preference modification effect would be observed for the 1255 

100% contingency condition, compared with the 50% contingency condition. To examine this 1256 

hypothesis, we run a one-sided mixed model logistic regression with an additional fixed and 1257 

participant-based random explanatory variables (EVs) of the contingency condition (Equation 7). 1258 

 𝐶ℎ𝑜𝑖𝑐𝑒~ 1 + 𝐶𝑜𝑛𝑡𝑖𝑛𝑔𝑒𝑛𝑐𝑦 + (1 + 𝐶𝑜𝑛𝑡𝑖𝑛𝑔𝑒𝑛𝑐𝑦|𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡) 7 
Probe choice prediction based on individual learning parameter. Most importantly, we 1259 

hypothesized that using the 𝜃  parameter estimate for learning would predict future preference 1260 

modification effect observed during the subsequent probe phase. To test this hypothesis, we 1261 

introduced the 𝜃  as an additional independent variable in the mixed model logistic regression. 1262 

Choices were modeled using contingency condition (both as fixed effect and as a random slope 1263 

between participants), 𝜃 , and an interaction term. This model is equivalent to modeling 1264 

choices using an intercept and 𝜃  slope separately for each contingency condition with a 1265 

random intercept modeled within participants (Equation 8a).  1266 

In an additional (not preregistered) exploratory analysis, we modeled a stimulus-specific 1267 

𝜃
,
 parameter. We aimed to examine if modeling a learning parameter at a more detailed 1268 

stimulus-level (extending the pre-registered participant-level 𝜃  parameter), would serve as a 1269 

more accurate predictor of future preference modification. For this aim we merged the 𝜃
,
 1270 

which were estimated for each contingency with the probe data. Choices were modeled with two 1271 

additional models using a 𝜃
,
 as an independent variable. In the first model, 𝜃

,
 parameter 1272 

estimates were used instead of 𝜃  estimates. Since 𝜃
,
 varied within participant, a random 1273 

slope effect for 𝜃
,
 was also added (Equation 8b). In another model, probe choices were 1274 

explained using a full model with both 𝜃
,
 and 𝜃  (Equation 8c). This model was used to 1275 
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examine whether 𝜃
,
 provided additional explanatory power in a likelihood ratio test for 1276 

nested models (comparing the model of 8c with the nested model of 8a). 1277 

 1278 
  

𝐶ℎ𝑜𝑖𝑐𝑒~ 1 + 𝐼 . ∗ 𝜃 + (1 + 𝐼 .|𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡) 
8 
(a) 

 𝐶ℎ𝑜𝑖𝑐𝑒~ 1 + 𝐼 . ∗ 𝜃
,

+ 1 + 𝐼 . ∗ 𝜃
,

𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡  (b) 

 𝐶ℎ𝑜𝑖𝑐𝑒~ 1 + 𝐼 . ∗ 𝜃 + 𝐼 . ∗ 𝜃
,

+ 1 + 𝐼 . ∗ 𝜃
,

𝑃𝑎𝑟𝑡.  

𝑖 –  𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝑖𝑛𝑑𝑒𝑥; 𝑠 − 𝑠𝑡𝑖𝑚𝑢𝑙𝑢𝑠 𝑖𝑛𝑑𝑒𝑥 
𝐼 . − 𝑐𝑜𝑛𝑡𝑖𝑛𝑔𝑒𝑛𝑐𝑦 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 𝐼𝑉 

 

(c) 

 When results with 𝜃
,
 were analyzed, we found that some participants were fitted a 1279 

𝜃
,
 estimates of extremely small variability (SD<0.1, meaning their 𝜃

,
 estimates were 1280 

effectively fixed; see Supplementary Figure 5). In such cases a mixed model with 𝜃
,
 random 1281 

slope (Equation 8b and 8c), resulted in convergence warnings (this phenomenon was not observed 1282 

in Study 1). Thus, for these analyses, we excluded all participants which demonstrated such low 1283 

variability of 𝜃
,
estimates in either one of the two contingency conditions. This resulted in 1284 

exclusion of nine participants in the preliminary experiment, and 14 participants in the replication 1285 

experiment (out of 20 and 59 participants, respectively). For the nested model likelihood ratio 1286 

analysis (comparing a full model to model without 𝜃
,
 independent variables), both models 1287 

were examined using the same subset of 11 and 45 valid participants. 1288 

Effect size estimation for mixed models with 𝑹𝑮𝑳𝑴𝑴
𝟐 . As in the meta-analysis study, we 1289 

report for the logistic regression mixed models two 𝑅  estimates – 𝑅 ( ) and  𝑅 ( ), 1290 

denoting the marginal and conditional 𝑅  effect (respectively) of the generalized linear model 83–1291 
86.  1292 

 1293 
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