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Abstract 31 

Although antidepressant placebo effects are well-known, their underlying mechanisms are not 32 

fully understood yet. Given that (i) depression has been related to aberrant dopamine 33 

signaling and (ii) placebo effects in Parkinson’s disease have been linked to dopamine, 34 

antidepressant placebo effects may likewise be driven by dopamine. More specifically, 35 

positive treatment expectations may lead to changes in dopamine and enhance the sensitivity 36 

for reward, which is frequently reduced in depression and anhedonia. The goal of this study 37 

was to test whether treatment expectations generally affect dopamine-related reward 38 

sensitivity in healthy individuals. 39 

In a double-blind 2x2 design with N=272 participants, we verbally induced antidepressant 40 

treatment expectations (high vs. low), crossed with oral intake of a highly selective dopamine 41 

D2/3 receptor antagonist (sulpiride 400mg) vs. placebo. Afterwards, participants performed a 42 

probabilistic selection task capturing reward sensitivity, presumably related to dopamine 43 

functioning. We performed an extensive computational model fitting procedure, including 44 

recovery and comparison of 74 different reinforcement learning models using a hierarchical 45 

Bayesian sampling method, to enable a reliable parameter estimation. 46 

We found that high treatment expectations increased learning rate in the winning model, 47 

which was parametrized by a learning rate, forgetting rate, and inverse temperature. While 48 

learning rate was not modulated by sulpiride intake, sulpiride specifically increased inverse 49 

temperature under high treatment expectations. Higher learning rates reflect higher reward 50 

sensitivity, while higher inverse temperatures indicate less random choices. Our results thus 51 

provide evidence that antidepressant treatment expectations particularly affect reward 52 

sensitivity, which is partially modulated by dopamine.  53 
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Author summary 54 

Learning how much reward an action offers is essential for maximizing long-term rewards 55 

and adapting successfully to the environment. This process depends on proper dopamine 56 

functioning, which may be attenuated in depression and specifically expressed in reduced 57 

reward sensitivity. Research on Parkinson’s disease suggests that one potential approach to 58 

improve dopamine-related functioning is the targeted enhancement of treatment expectations 59 

known as the placebo effect. While placebo effects have also been documented in the context 60 

of depressive symptoms, it remains unclear whether this is due to treatment expectations 61 

altering reinforcement learning parameters, such as learning rates or inverse temperature, via 62 

dopaminergic mechanisms. At the same time, recent advances in computational modeling 63 

offer reliable tools to precisely estimate these parameters. 64 

We therefore conducted a large study in healthy individuals, who were told that they were 65 

receiving either an antidepressant or a placebo. However, all participants received either a 66 

dopamine blocker or an inert pill, allowing us to independently manipulate both, expectations 67 

and dopamine function. We then assessed participants’ learning rates using an established 68 

reinforcement learning task and extensive computational modeling. Computational modeling 69 

revealed a winning three-parameter model consisting of learning rate, inverse temperature and 70 

forgetting rate. Crucially, in this model, participants showed increased learning rates, 71 

reflecting increased reward sensitivity, under high vs. low treatment expectations, suggesting 72 

that simply believing one is receiving effective treatment can alter how rewards are processed. 73 

Moreover, while this effect was observed in participants receiving the inactive substance, it 74 

was absent under dopamine receptor blockade, pointing to a role of dopamine in placebo 75 

effects on reward sensitivity.  76 
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Introduction 77 

Suggestive verbal instructions may induce positive expectations towards a clinical 78 

treatment, leading to symptom improvement in response to an inert treatment [1]. The placebo 79 

effect has been observed in a large body of studies across several different mental disorders 80 

[2,3]. Research on the placebo effect in chronic pain [4] and Parkinson’s disease [5–8] has 81 

implicated the mesolimbic dopamine (DA) system as a locus of action, exhibiting increased 82 

dopamine release under high treatment expectations and potentially coding anticipated 83 

treatment effectiveness. This system, central to reward processing and motivation, is 84 

influenced by activity of DA D2 receptors (D2R), which are one major target of atypical 85 

antidepressants [9]. Notably, both the antidepressant neuromodulation and the placebo effect 86 

appear to converge on the mesolimbic DA system as a shared neural substrate [10]. This hints 87 

at mesolimbic DA signaling to promote antidepressant placebo effects. 88 

Positive treatment expectations induced by placebo treatments may serve as a self-89 

reinforcing cycle in the alleviation of depressive mood [11,12]. Anhedonia, i.e., a lack of 90 

positive affect as a cardinal symptom of major depressive disorder, is associated with reduced 91 

reward sensitivity perpetuating negative expectations [13]. While evidence points at DAergic 92 

dysfunction as a cause for reduced reward sensitivity expressed in anhedonia [14–16], most of 93 

supporting evidence for the involvement of mesolimbic DA in the placebo effect stems from 94 

studies on Parkinson’s disease [5–8] and might not generalize to other conditions like 95 

depression. Assuming antidepressant placebo effects actually involve mesolimbic DA and 96 

thereby potentially involve reward sensitivity, we expect that a reinforcement learning task 97 

sensitive to changes in mesolimbic DA captures such changes, and that a pharmacological 98 

agent blocking DA also blocks an antidepressant placebo effect. If this is a general 99 

mechanism, antidepressant placebo effects should also influence participants without 100 

depressive symptoms, allowing a study sample less exposed to confounding factors, such as 101 

prior treatment experience [17,18].  102 
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To induce measurable DA-related effects, we used sulpiride 400mg in the current 103 

study. Sulpiride is specifically binding to D2R and, with the given dose, able to pre- and post-104 

synaptically block D2R particularly in the striatum, mimicking impairments observed in 105 

Parkinson’s disease [19] (but see [20]), while extra-striatal D2R occupancy is kept 106 

comparably low [21,22]. We would therefore expect sulpiride to block any DA signaling and 107 

to impede any improvement in reward sensitivity presumably induced by a placebo treatment. 108 

A frequently used task for investigating human reinforcement learning (RL) is the 109 

probabilistic selection task [23] (PST). Computational modeling enables quantifying reward 110 

sensitivity differences in this task under algorithmic assumptions, such as Q-learning, to offer 111 

insight into cognitive processes pertaining to RL, and potentially providing cognitive 112 

treatment targets. Q-learning computes expected (reward) values for a chosen stimulus using a 113 

learning rate parameter, which refers to the strength of updating reward expectations from the 114 

most recent reward prediction error (RPE) encountered during probabilistic choice feedback. 115 

Further, the inverse temperature parameter captures how rationally expected values govern 116 

observed choices. 117 

In the past, a Q-learning model with two learning rates conditioned on the RPE sign 118 

has been linked to DA sensitivity in a reinforcement learning model [24]. We aimed to 119 

improve upon that modeling work in several ways: The model’s parameter estimates may be 120 

biased by confounding factors, such as memory decay, which is not accounted for [25,26]. 121 

Moreover, applying a hierarchical Bayesian model instead of individual maximum likelihood 122 

estimation offers improved reliability of parameters by informing sampled group parameter 123 

estimates through individual parameter estimates, and vice versa [27]. Lastly, comparing 124 

multiple plausible models reduces the risk of drawing conclusions from an unfit model [28]. 125 

Therefore, an important aspect of this study is to not only fit the two-learning-rates standard 126 

Q-learning model, but particularly to fit the best generative model including parameters that 127 
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describe the PST, capture relevant cognitive processes and are parsimoniously parameterized 128 

based on recent literature to accurately assess DAergic effects.  129 

Taken together, existing literature suggests that the expectation-induced 130 

antidepressant placebo effect may increase sensitivity to rewards via mesolimbic DA action, 131 

and computational modeling can aid at understanding these cognitive effects. Our pre-132 

registered study (ClinicalTrials ID: NCT05208294) including N=297 participants accordingly 133 

aimed at experimentally assessing the role of DA in expectation-induced mood enhancement. 134 

All participants were assigned to placebo vs. sulpiride 400mg substance group, crossed with a 135 

low vs. high treatment expectation condition. We hypothesized that high treatment 136 

expectations increase reward sensitivity in the placebo group but not the sulpiride substance 137 

group, as captured by learning rates in the PST. 138 

 139 

Materials and Methods 140 

Sample 141 

We tested 297 participants (reportedly 147 female, 147 male, 3 diverse) aged 142 

between 19.26-58.98 years (mean = 24.51 years, SD = 4.15 years) between December 2021 143 

and September 2023, and excluded, among other criteria (see S1 Supporting Information), 144 

reported medical, neurological or mental disorders. For the final analysis, 272 participants 145 

reaching the learning criterion (see Task) and providing z < 3 no-responses were included. 146 

Participants were recruited via flyers, posters, personal advertisement, and a local online 147 

recruiting platform (SONA Systems). They were reimbursed with course credits or 130€, and 148 

a fixed extra of 20€ declared as the maximal performance-dependent gain from the computer 149 

tasks. 150 

 151 

Ethics Statement 152 
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This study was approved by the Local Ethics Committee of the University of 153 

Marburg School of Medicine (reference number 150-19) and conducted in accordance with 154 

the Declaration of Helsinki. All participants gave their written informed consent. 155 

 156 

Task 157 

Participants performed the PST [23]. The task contained three sets of white Japanese 158 

hiragana letter pairs on a black background, balanced for screen position. The reward 159 

probabilities within a pair always added up to 1 and were 80%, 70% and 60% for the 160 

beneficial stimulus of each pair, respectively. After a constant 1000ms fixation period 161 

showing a white cross on a black screen, a pair was presented in random order for a maximum 162 

of 2000ms, and participants indicated their choice by button press. After a uniformly 163 

randomized delay of 150-250ms, in which a black screen had been shown, feedback 164 

indicating reward or no reward was depicted as green circle or red cross. The subsequent 165 

inter-trial interval was uniformly randomized (4000-5000ms) and displayed a black screen. 166 

Participants performed at least two 60-trial blocks and were only able to proceed to the second 167 

task stage if they had reached a learning criterion: If the accuracy (i.e., percentage of optimal 168 

choices) within any of each stimulus set was below 65%, 60% and 50%, respectively, another 169 

60-trial block had to be performed, with a maximum total of five blocks per participant (cf. 170 

[23]). In the first six trials, choosing the advantageous stimulus was always followed by 171 

reward, and all stimulus sets were presented twice.  172 

Participants read task instructions on a screen informing about the goal to maximize 173 

the positive task feedback, purportedly collected as points, as quickly as possible in order to 174 

maximize their additional reimbursement. The separation between beneficial and 175 

disadvantageous stimuli was explained in the instructions, and participants were made aware 176 

of occasional incorrect feedback, but the exact reward proportions were not revealed. 177 

 178 
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Procedure  179 

The analysis is part of a pre-registered study (ClinicalTrials ID: NCT05208294) 180 

allocating participants in a stratified double-blind 2x2 expectation-by-substance between-181 

subjects design. In this paper, we only evaluate the PST, but we describe the whole 182 

experimental procedure for completeness. All participants were screened for exclusion criteria 183 

during a phone interview prior to the study and filled out a set of personality trait 184 

questionnaires no more than two days prior to the testing session. Participants were asked to 185 

appear to the testing session on an empty stomach and to refrain from eating after 10pm the 186 

day before, and from bodily exercises on the testing day. The testing session started at 8am. 187 

Participants filled out a questionnaire battery including GEEE Expectations and GEEE 188 

Previous Treatment Experiences [29], underwent a substance-by-expectation manipulation 189 

associated with a blood draw right before and 1h after, and received a subsequent 190 

standardized vegan breakfast. For the manipulation, medical assistants in white coats and 191 

wearing a name tag told the participants, whether they would receive a placebo pill or a highly 192 

effective and fast-acting antidepressant drug taking effect after approximately three hours and 193 

considerably improving mood (see S1 Supporting Information). They administered either 194 

sulpiride 400mg or an inactive substance, both of which were ingested as two capsules for 195 

facilitated intake. While the medical assistants were only aware of the expectation condition 196 

for the purpose of the expectation induction procedure, the study instructor was blind to both 197 

the substance administered and the purported substance efficacy throughout the entire testing 198 

session. Approximately three hours after pill intake, participants performed the PST, which 199 

was preceded by a 10-minute resting period starting approximately 2:46h after substance 200 

intake (SD = 15min.) and followed by further computer tasks described in our pre-201 

registration. During the task, EEG and ECG were recorded. These measures will not be part 202 

of the present report.  203 

 204 
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Computational model selection 205 

We customized scripts from the hBayesDM R package [30] to test 74 Q-learning 206 

models incorporating novel parameters for the PST. Importantly, this data-driven approach 207 

adds to the stand-alone application of the model used by Frank et al. [24] and extends our 208 

initial pre-registration. The computational models were based on the Rescorla-Wagner 209 

updating rule 𝑄!"#$ = 𝑄!$ + 𝛼 ∗	𝛿!, where 𝛿! = 𝑟! − 𝑄!$ denotes the prediction error in trial t, 210 

defined as the difference between actual reward r (0 for no reward, or 1 for reward) and 211 

expected reward values 𝑄!$ 	of stimulus k at trial t, slowly integrated by the learning rate α and 212 

starting at 𝑄%$ = 0. Expected values of two competing stimuli 𝑖 ∈ {1,2}	are passed to a 213 

softmax function 𝑃 = &'((*+)

∑ .&'(/*!+01!
, where β, the inverse temperature, modulates reliance on 214 

expected values, determining the choice probability P for one stimulus over another. All 215 

candidate models included either one or two learning rates and inverse temperatures, 216 

depending on feedback of the current trial, and were extended by optional parameters, such as 217 

a forgetting rate [31], decaying all expected values trial-by-trial towards zero: 𝑄!"# ← 𝑄!"# +218 

𝜙(0 − 𝑄!"#); irreducible noise [25]; initial choice bias (cf. [28]); reward weight (cf. [32]); 219 

and a choice kernel [33]. We further tested weighted mixture models including a RL 220 

component with different parameter sets, complemented by a second forgetting-RL 221 

component including a forgetting rate (cf. [34]). We ensured 𝑅8 < 1.05, indicating sampling 222 

convergence, and compared models using a Bayesian method called the Leave-One-Out 223 

Information Criterion (LOOIC [35]). The full description of the model and parameter 224 

selection can be found in the S1 Supporting Information. S1 Table provides an overview of 225 

the designed models including LOOIC and 𝑅8 estimates. 226 

 227 

Parameter estimation 228 
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The hBayesDM R package [30] makes use of an R implementation of STAN, which 229 

performs Markov-chain Monte Carlo (MCMC) sampling using a Hamiltonian Monte Carlo 230 

sampler. As a standard for across-groups LOOIC estimation, we performed sampling using 8 231 

chains with 8000 iterations of MCMC sampling, including 4000 warm-up samples (see S1 232 

Supporting Information). The models were fit using the model choice probability as the 233 

likelihood function conditioned on subjects’ actual choices. All free parameters, jointly 234 

denoted as 𝜃, were estimated using hierarchical Bayesian analysis and the Matt trick, as 235 

reported in Ahn et al. [30]. The Matt trick enables sampling from standardized parameters 𝜃2 236 

with mean 0 and variance 1, which are then transformed using variance 𝜎3 and mean 𝜇3, 237 

reducing the estimation error and improving convergence: 238 

𝜃2	~	𝑁𝑜𝑟𝑚𝑎𝑙(0,1) 239 

𝜃4 	~	𝑃𝑟𝑜𝑏𝑖𝑡5#(𝜇3 + 𝜎3 ∗ 𝜃2) 240 

For inverse temperature β, the inverse probit transformation was scaled by the upper sampling 241 

boundary, which was set to 20, and we further assumed 𝜏 ∈ [-5, 5] for the choice-kernel 242 

temperature parameter (cf. [33]).  243 

 244 

Parameter and model recovery 245 

For data simulation, the estimated individual posterior means were used as input. The 246 

generating model was fitted to this data using 4 MCMC chains with 4000 iterations (2000 247 

warm-ups). We defined a good model recovery as recovery correlations exceeding a noise 248 

threshold of r = 0.36, corresponding to a false-positive rate of p < 0.001 under the null 249 

hypothesis of zero true correlation (see S1 Supporting Information), and between-parameter 250 

correlations below r = 0.70, constraining shared variance between individual parameter 251 

posterior means to less than 50%. Model recovery was performed and replicated by cross-252 

wise fitting of well-recoverable models to their generated data, and considering their sum of 253 

LOOIC across data generated using group-wise parameter estimates. 254 
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 255 

Software 256 

All models were built in R [36] (version 4.3.1) and RStan [37] (version 2.32.3) with 257 

scripts adopted from the hBayesDM package [30], and run on the High Performance 258 

Computing Cluster of Marburg (MaRC3a).  259 

 260 

Results 261 

Behavioral treatment effects 262 

Treatment effects on expectation ratings and prolactin generally indicated that high 263 

vs. low expectation manipulation induced higher positive treatment expectations (p < 0.001) 264 

and that sulpiride induced elevated prolactin response across participants (p < 0.001; see S1 265 

Supporting Information). For the PST training phase, the expectation-by-substance 266 

manipulation did not significantly interact on accuracy (b = 0.455, SE = 0.240, p = 0.058, 267 

BIC-based bayes factors for fixed effects [38] BFBIC = 0.033) – exhibiting only a tendency 268 

towards more accurate choices under high expectations and sulpiride 400mg – or reaction 269 

time (b = -0.043, SE = 0.047, p = 0.352, BFBIC = 0.008), controlled for subject and pair 270 

random effects. Likewise, there were no main effects regarding both, accuracy (all p > 0.585, 271 

all BFBIC < 0.054) or reaction time (all p > 0.373, all BFBIC < 0.006). Trial-wise training phase 272 

accuracy is depicted in Fig 1. Regarding PST testing, there was no significant treatment effect 273 

regarding the sum of accurate choices (all p > 0.498, all BFincl < 0.168) and reaction time (all 274 

p > 0.389, all BFincl < 1.044). Testing phase results are visualized in S1 Fig. 275 

 276 

Model comparison 277 

Fig 2 and Table 1 show the LOOIC and parameter recovery correlations for all and 278 

the selected models. Five models with k = 3 to k = 4 parameters, comprising learning rate α, 279 

inverse temperature β, and forgetting rate ϕ, exhibited sufficient parameter recovery  280 
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 281 

Fig 1. Mean accuracy (i.e., percentage of optimal choices) per trial and treatment group 282 

(condition), separately for each trial pair (see probabilities in the headers), during PST 283 

training phase. Optimal choices (y-axis) refer to the percentage of choices for the probably 284 

more beneficial stimulus. Trial index within each stimulus pair is denoted on the x-axis. 285 

 286 

correlations (see S2 Fig) and 𝑅, without high between-parameter correlations indicating 287 

estimation trade-offs. S1 Table contains all model fit estimates. Comparing the LOOIC 288 

revealed a superior fit of the αβϕ model (one α, one β, one ϕ; LOOIC = 24654, SE = 1084, k = 289 

3) and its αβϕ* variant (one α, one β, one modified ϕ; LOOIC = 24789, SE = 1088, k = 3), 290 

followed with close to one SELOOIC difference by the ααββ model (LOOIC = 25697, SE = 291 

1132, k = 4), the task’s standard ααβ model (Frank et al. [24]; LOOIC = 25698, SE = 1139, k 292 

= 3) and the αββ model (LOOIC = 25785, SE = 1134, k = 3). We ensured model 293 

recoverability by comparing the winning model (αβϕ) against the standard model (ααβ) and 294 

its forgetting variant (ααβϕ; LOOIC = 24648, SE = 1084, k = 4). We chose these models to 295 

test separability of distinct learning rates and forgetting rate. These three models were fit to 296 

data generated from each of these models, and each model fitted its data best (S3 Fig). Thus, 297 

the αβϕ model including learning rate, forgetting rate and inverse temperature is reported as 298 

the winning model. Relationships between learning rate, inverse temperature and PST training 299 

phase accuracy are shown in S4 Fig. 300 
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Table 1. LOOIC, standard error and recovery correlations for selected models 301 

Model LOOIC SE α β ϕ α+ α- β+ β- 

αβϕa 24,654.06 1,083.99 0.65 0.72 0.79     

αβϕ* 24,789.00 1,088.41 0.65 0.74 0.76     

ααββ 25,696.81 1,131.67    0.72 0.79 0.52 0.60 

ααβb 25,697.85 1,139.37  0.73  0.67 0.83   

αββ 25,784.51 1,133.65 0.78     0.75 0.79 

Note. Five RL models, sorted by LOOIC, exhibited sufficient recovery correlations for the 302 

included parameters, i.e., recovery correlations r > 0.36 and individual parameter posterior 303 

mean correlations r < 0.70. awinning model; bstandard model (ref. [24]) 304 

 305 

Computational treatment effects 306 

We compared the effects of our experimental design (abbreviations: P, placebo; S, 307 

sulpiride; -, low expectation; +, high expectation) regarding the three computational 308 

parameters of the αβϕ model by computing the 95% highest density interval (95% HDI) for 309 

posterior group mean differences and considered 0 ∉ 95% HDI as a credible effect (Fig 3). 310 

There was a positive main effect of expectation on learning rate (95% HDI [0.01, 0.08]), as 311 

reflected in a credible difference between P+ and P- (95% HDI [0.01, 0.12]) and S+ and P- 312 

(95% HDI [0.00, 0.10]), suggesting higher learning rates under high vs. low treatment 313 

expectations. Inverse temperature showed a credible interaction effect (95% HDI [-6.13, -314 

0.01]), as reflected in higher inverse temperature for P- vs. P+ (95% HDI [-0.53, -5.09]) and 315 

lower inverse temperature for P+ vs. S+ (95% HDI [-3.52, -0.12,]). There was no credible 316 

main effect, interaction effect or contrast regarding ϕ. 317 
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 318 

Fig 2. Model fit (y-axis) with models sorted by the mean of recovery correlations 319 

between parameters estimated on actual and simulated choice data (x-axis). Color 320 

indicates number of parameters. Triangles represent models including a forgetting rate 321 

parameter. With better model fit, mean recovery correlation decreased, and the number of 322 

model parameters increased. Including a forgetting rate caused the most notable improvement 323 

in model fit. We changed the sign of reported LOOIC values to align higher values with better 324 

model fit. 325 

 326 

In summary, our winning model suggests a positive expectation effect for learning rate, 327 

accompanied by a modulatory effect of sulpiride 400mg on inverse temperature under high 328 

treatment expectation (i.e., sulpiride 400mg increases inverse temperature under high 329 

expectations only) – a pattern reflected by similar models, including the pre-registered model 330 

from Frank et al. [24] (S5 Fig). In the Frank model, a similar interaction of treatment 331 

expectation and substance was observed, such that learning rate was higher after high vs. low 332 

treatment expectations in the placebo but not substance group. However, in that model, this 333 
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 334 

Fig 3. Learning rate and inverse temperature of the αβϕ model were sensitive to the 2-335 

by-2 experimental manipulation. The violin plots show the density of sampled group 336 

estimates (y-axis) for each RL parameter (facet), obtained from 4000 (non-warmup) iterations 337 

for each of the 4 MCMC chains. Crossbars represent the posterior group means, and dots 338 

indicate a credible group contrast based on 95% HDI for posterior group mean differences. 339 

Groups are represented on the x-axis. 340 

 341 

effect was observed for the learning rate for loss, which may be confounded with forgetting 342 

rate (see S5 Fig). 343 

 344 

Discussion 345 

DA has been thought to play a crucial role in antidepressant placebo effects 346 

mediating changes in reward sensitivity. We therefore hypothesized that high treatment 347 

expectations would increase reward sensitivity under placebo intake but not under 348 

pharmacological DA blockade. This hypothesis was tested in a fully crossed double-blind 349 

2x2-design, with factors treatment expectations (high vs. low) and substance (sulpiride 400mg 350 

vs. placebo pills) in N=272 participants, whose PST performance was assessed in an 351 

extensive model fitting procedure across 74 Bayesian RL models. In the winning model (and 352 

in the standard Frank et al. [24] model), we found patterns of increased learning rates under 353 
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high vs. low treatment expectations within the inactive but not the sulpiride substance group, 354 

supporting both, an effect of treatment expectations on reinforcement learning and a 355 

modulatory role of DA. These effects were only probable for computational parameters but 356 

not for behavioral aggregate measures for the PST, suggesting separate roles of these 357 

measures. 358 

To understand the cognitive underpinnings of the observed RL performance, we 359 

performed an extensive model comparison yielding a winning model with a learning rate, 360 

inverse temperature parameter, and forgetting rate. Previously, a model with two learning 361 

rates and one inverse temperature has been fitted to the PST [24,39,40], but comparison of all 362 

well-recoverable models showed that this particular model did not fit our data best (see Table 363 

1). The poorer fit could indicate that RPE learning occurred sign-independently in our 364 

particular setting, comparable to the reward conditions reported in [8,20], rendering a separate 365 

learning rate for loss implausible. Although adding a second learning rate to our winning 366 

model would have marginally increased the model fit relative to the winning model’s standard 367 

error, this would have come at cost of recoverability, excessive parameter correlations and the 368 

risk of overfitting autocorrelated choice data [41]. Moreover, adding a forgetting rate is 369 

strongly supported by recent literature and may be interpreted as taking account of working 370 

memory; a process prone to information decay potentially biasing RL parameters, unless 371 

modelled appropriately [31,34,42,43]. This allows a stable expected value decay across trials, 372 

accounting for reduction of expected values irrespective of RPEs. Nevertheless, we cannot 373 

rule out that there were also other processes involved, which the task was not able to capture 374 

accurately, or that re-parametrization approaches (e.g. [44]) and more dynamic estimates (e.g. 375 

[45]) could promise increased reliability. 376 

Within our winning model, high vs. low treatment expectations were associated with 377 

increased learning rates but only in individuals who received the inactive substance. This 378 

treatment expectation effect was absent in individuals who received sulpiride, in line with our 379 
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hypothesis. An increase in learning rate means stronger integration of most recent feedback 380 

into reward expectations, indicating an expectation-induced sensitivity increase for most 381 

recent outcomes in participants receiving an inactive substance. The expectation-induced 382 

learning rate increase is supported by recent findings, in which we found increased learning 383 

rates under high treatment expectations [40,46]. However, the observed interaction effect of 384 

expectation and substance on learning rate was suggested by individual contrasts but not the 385 

interaction term, indicating that sulpiride 400mg did not entirely moderate the expectation 386 

effect. This might result from antidepressant substance properties commonly reached at lower 387 

doses [47], thereby masking a hypothesized interaction effect. Indeed, sulpiride effects may 388 

depend on individual DA baseline measures [48–51]. 389 

In addition to increasing learning rates, high treatment expectation reduced inverse 390 

temperature in the placebo substance group but not the sulpiride group. The inverse 391 

temperature is particularly indicative of random choices in early task stages, as it largely 392 

reflects the choice probability under small differences in expected values. Together with the 393 

effects on learning rates, this pattern indicates that participants tended to learn and explore 394 

more under antidepressant treatment expectations, potentially reflecting an increased 395 

willingness to find and exploit the most favorable option. Under sulpiride, however, high 396 

expectations did not decrease inverse temperature, supporting a role of DA in balancing 397 

exploration and exploitation [52]. 398 

Forgetting rate as the third and last parameter did not exhibit any effects, suggesting 399 

that neither expectation nor substance manipulation credibly altered the speed of value decay. 400 

Taken together, high treatment expectations under inactive substance promoted increased 401 

computational measures related to reward sensitivity, choice randomness, but not forgetting, 402 

which was not observed under sulpiride 400mg, supporting a promoting role of DA in 403 

treatment expectations. 404 
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In conjunction, faster updating from recent outcomes paralleled by more random 405 

choices under high expectations could theoretically help a learner to accurately understand a 406 

dynamic environment at cost of net reward. However, improved learning was not mirrored in 407 

the PST testing phase accuracy, which renders interpreting the parameters challenging: 408 

Contrary to our computational results, we could not observe significant treatment effects for 409 

accuracy and reaction time in the PST. Accuracy has served as an important measure of 410 

reward sensitivity [8,23,53]. According to previous studies, one could have expected 411 

increased accuracy for reward under high treatment expectations and placebo pills, and the 412 

reverse effect for sulpiride. However, interpreting accuracy as reward sensitivity may require 413 

care: Our control analysis indicated a non-linear relationship between learning rate and choice 414 

accuracy during training (see S4 Fig), rendering both non-interchangeable. One explanation 415 

could be plateauing of optimal choices after approximately 10 trials per condition (cf. [46] 416 

and Fig 1), obfuscating more salient treatment effects on aggregate measures in early trials. 417 

Regarding reaction times, response time slowing and quickening could have been expected to 418 

result as a function of postsynaptic and presynaptic DA blockade, respectively [42]. Both 419 

have not been observed in this study, which is in line with other studies on sulpiride [48,49]. 420 

Hence, in healthy participants, the observed pattern for accuracy and reaction time does not 421 

support a clear unidirectional effect of sulpiride or antidepressant treatment expectations on 422 

task performance.  423 

Taken together, our extensive modeling approach in a large sample suggested a DA-424 

modulated expectation effect on computational parameters, but no probable effect on 425 

behavioral aggregate measures. This demonstrates the ability of computational RL models to 426 

capture cognitive dynamics not directly uncovered by traditional behavioral measures. While 427 

our results provide considerable support for a modulatory role of DA in antidepressant 428 

treatment expectations, generalizing our findings to other settings may require caution. 429 



 
 

19 

Although we have investigated the role of DA in antidepressant placebo effects, we 430 

have no direct biological measures of striatal vs. prefrontal DA signaling, such as receptor 431 

binding [19] or synthesis capacity [48], which makes it difficult to interpret the observed 432 

effects conclusively. The exact purpose of DA remains open for debate (for review, see [54]), 433 

even more so regarding placebo effects [55]. Although DA has been implicated in anhedonia, 434 

striatal DA signaling may also depend on serotonergic [56] or cholinergic [57] efferences 435 

driven by cortical inputs. 436 

Moreover, the placebo effect may particularly require a desire for symptoms 437 

improvement, hope and curiosity [1,58], which is not trivial to achieve in a non-depressed 438 

sample. For a clinical sample in context of medical care, we would therefore assume 439 

comparable effects expressed in behavioral aggregate measures. Given our findings would 440 

hold in a depressive sample, positive expectations may be harnessed to reinforce a positive 441 

cycle of reward responsiveness and positive mood to alleviate depressive symptoms [11,59], 442 

driven by increased learning rates. Future studies on antidepressant placebo effects could 443 

explore its temporal dynamics and consequences to better understand treatment expectations. 444 

While placebo treatments have proven to be a powerful tool across various health 445 

symptoms, our study is the first to demonstrate DAergic moderation of antidepressant placebo 446 

effects on reward sensitivity. Symptom-focused approaches often offer limited insights into 447 

changes in cognitive processes, a gap that can be bridged through computational models. By 448 

leveraging these models, we can deepen our understanding of underlying mechanisms, 449 

ultimately advancing existing therapies and paving the way for novel treatment strategies. 450 
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Supporting Information 640 

S1 Fig. Mean reaction time and accuracy during PST testing phase, separately for each 641 

choice condition. Facets represent low vs. high treatment expectation. Bold dots depict the 642 

mean, error bars the standard error of the mean accuracy and reaction time. 643 

 644 

S2 Fig. Parameter recovery. Visual parameter recovery for the five models exhibiting 645 

sufficient parameter recovery correlations (r > 0.36) and model convergence (𝑅 < 1.05), and 646 

no high between-parameter correlations (r < 0.70). The x-axes represent the “true” parameters 647 

(obtained from participants’ PST data) used for simulating data. The parameters fitted to these 648 

simulated data are depicted on the y-axes. The blue lines indicate regression means with 649 

shaded 95% confidence intervals. Depicted are models 𝛼𝛽𝜙 (winning model; a), 𝛼𝛽𝜙* (b), 650 

𝛼𝛽𝛽 (c), 𝛼𝛼𝛽	(d), 𝑎𝑛𝑑	𝛼𝛼𝛽𝛽 (e). 651 

 652 

S3 Fig. Model recovery. Two independent model recoveries (left and right, 4x3 cells each) 653 

with data simulated for obtained group RL parameters. Facet numbers indicate different 654 

parameter sets used for data simulation, and the x-axis represents the model contrasts: The 655 

first model name (before the underscore) indicates the data-generating model, which the 656 

LOOIC of the second model (after the underscore) is subtracted from. Lower values indicate 657 

lower LOOIC for the data-generating model within participants, i.e., a better individual model 658 

fit and better model recoverability. Crucially, our winning 𝛼𝛽𝜙 model did not overfit 𝛼𝛼𝛽 659 

data and explained 𝛼𝛼𝛽𝜙 data similarly well, suggesting forgetting as a process essential to 660 

the PST and difficulties at identifying separate learning rates under forgetting.  661 

 662 
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S4 Fig. Relationships between learning rate, inverse temperature and PST training 663 

phase accuracy. Mean PST training phase accuracy (y-axis) dependent on RL parameters (x-664 

axis). Left, learning rate 𝛼 exhibits a non-linear relationship with accuracy. Middle, accuracy 665 

scales mostly monotonically with inverse temperature 𝛽. Right, plotting 𝛼 against 𝛽 depicts 666 

the optimal parameter space regarding behavioral performance during training. 667 

 668 

S5 Fig. Treatment effects depending on RL parameter configuration in relevant models 669 

considered for LOOIC-based model comparison. Our winning 𝛼𝛽𝜙 model (LOOIC = 670 

24654) indicated credible group contrasts (P-: placebo pill, low expectation; S-: sulpiride pill, 671 

low expectation; P+: placebo pill, high expectation; S+: sulpiride pill, high expectation). 672 

Similarly well-recoverable, yet less fitting models (𝛼α𝛽: LOOIC = 25698; 𝛼𝛽𝛽: LOOIC = 673 

25785) yielded a similar pattern. At first, the 𝛼𝛼𝛽 model indicated differences in learning rate 674 

to be promoted by increased learning from non-reward, but correlational analysis comprising 675 

individual posterior means of both models revealed a great overlap between learning rate for 676 

non-reward and forgetting rate (r = 0.54), as both govern expected value decrease. Adding a 677 

forgetting rate to the 𝛼𝛼𝛽 model (𝛼𝛼𝛽𝜙: LOOIC = 24648) drastically increased model fit, but 678 

caused a high parameter correlation between learning rate for reward and inverse temperature 679 

(r = 0.84), indicating a parameter trade-off and overfitting. Without separate learning rates, 680 

our winning 𝛼𝛽𝜙 model pushed inverse temperature estimates towards stronger reliance on 681 

expected values, implicating decisional noise of lesser models to be explained rather by both 682 

learning and forgetting rate. 683 

 684 

S1 Table. Model fit and convergence estimates. LOOIC values and 𝑅8 for all 74 models, 685 

sorted by LOOIC. Parameters following “RL“ refer to the RL component parameters, and 686 

parameters following “WM“ refer to parameters included in the WM component, if applied. 687 

The suffix “CK“ indicates a model using choice-kernel learning rate α67 and temperature τ. 688 
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α* refers to a learning rate for gain but not loss (negative RPE blocking), and ϕ* to the 689 

modified forgetting rate (decay only stimuli not presented in a trial). For readability, initial 690 

bias Q0 is replaced by q. All models are sorted according to their LOOIC in ascending order, 691 

shown next to the LOOIC standard error (SE) and the MCMC sampling convergence estimate 692 

(𝑅8). Note that some parameter combinations have not been considered because sampling did 693 

not converge or would have exceeded computational capacity. 694 


