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Figure S1. Distribution of extraversion scores as measured with the NEO-FFI (Costa & 

McCrae, 1992; Rolland, Parker, & Strumpf, 1998). The dots indicate data for individual 

participants. The solid line indicates the mean extraversion score and the dashed line the 

median extraversion score. 
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Go/No-go Association Task 

Face stimuli from the Karolinska Directed Emotional Faces (KDEF; Lundqvist, Flykt, & 

Öhman, 1998) were used either as targets or as distractors in the Go/No-go Association Task 

(GNAT; Nosek & Banaji, 2001). They consisted of eight angry faces (model numbers for 

targets: AM05ANS, AM09ANS, AM17ANS, AM30ANS; model numbers for distractors: 

AM14ANS, AM19ANS, AM21ANS, AM24ANS), eight happy faces (model numbers for 

targets: AM20HAS, AM23HAS, AM25HAS, AM26HAS; model number for distractors: 

AM04HAS, AM12HAS, AM16HAS, AM32HAS), and eight neutral faces (models numbers 

for targets: AM01NES, AM06NES, AM08NES, AM13NES; model numbers for distractors: 

AM02NES, AM18NES, AM28NES, AM35NES).  

The practice session of the GNAT included five blocks in which there was only a 

single target category. In the first three blocks, participants learned to discriminate between 

the different face categories, each of them being the target category in one of the blocks 

whereas the two other categories were distractors; the order being counterbalanced across 

participants. In these blocks, four faces from the target face category and two faces from each 

distractor face category were each presented twice in a pseudorandom order. In the last two 

practice blocks, participants were presented with the four “important” and the four 

“unimportant” words, which were each presented twice in a pseudorandom order. The 

“important” words were targets and the “unimportant” words distractors in the fourth block, 

which was reversed in the last block. Each practice block consisted of 16 trials and used a 

666-ms response deadline. 

To assess whether a trade-off relationship occurred between reaction times (RTs) and 

accuracy in the GNAT, we conducted point-biserial correlations between individual 

participants’ trial-by-trial RTs and accuracy (0 [incorrect] vs. 1 [correct]) for each face 

category. To do so, we calculated a correlation coefficient for each participant separately 
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before averaging these coefficients. These analyses showed a weak positive relationship 

between participants’ RTs and accuracy for angry (mean r = .197, SD = 0.12, range = -.201–

.486), happy (mean r = .203, SD = 0.13, range = -.184–.477]), and neutral faces (mean r = 

.256, SD = 0.11, range = -.155–.517). In addition, we tested whether participants were overall 

slower for correct trials relative to incorrect trials across the three face categories by means of 

a two-way repeated-measures ANOVA on the mean RT data. We observed significant main 

effects of face category, F(2, 212) = 16.29, p < .001, partial η2 = .133, 90% CI [.066, .200], 

and of accuracy, F(1, 106) = 696.48, p < .001, partial η2 = .868, 90% CI [.830, .891]. These 

main effects were qualified by their interaction, F(2, 212) = 6.77, p = .001, partial η2 = .060, 

90% CI [.015, .113]. Follow-up comparisons using Tukey’s HSD confirmed that the RTs in 

correct trials were slower than in incorrect trials for angry (p < .001, gav = 1.569, 95% CI 

[1.291, 1.867]), happy (p < .001, gav = 1.520, 95% CI [1.243, 1.814]), and neutral faces (p < 

.001, gav = 1.859, 95% CI [1.565, 2.176]). Additional post-hoc comparisons further revealed 

faster RTs in correct trials for angry (p < .001, gav = 0.432, 95% CI [0.249, 0.619]) and happy 

(p < .001, gav = 0.620, 95% CI [0.437, 0.809]) faces compared with neutral faces, whereas 

there was no statistical difference in RTs in correct trials between happy and angry faces (p = 

.085, gav = 0.207, 95% CI [0.016, 0.401]), or across the face categories in incorrect trials (all 

ps > .06, 0.02 < gavs < 0.27). 

Subjective ratings 

Subsequent to the GNAT but before the differential Pavlovian aversive conditioning 

procedure, participants provided subjective ratings of the two angry face conditioned stimuli 

(CSs), the two happy face CSs, and the two neutral face CSs as a function of their 

pleasantness, subjective arousal, and subjective relevance. In this procedure, the faces were 

presented to participants along with a visual analog scale (VAS). For the pleasantness ratings, 

participants were asked to rate the degree to which the face was unpleasant or pleasant from 0 
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(very unpleasant) to 100 (very pleasant). For the arousal ratings, they were asked to rate the 

degree to which the face was arousing from 0 (not at all arousing) to 100 (very arousing). 

For the relevance ratings, participants were asked to rate the degree to which the face was 

important to them from 0 (not at all important) to 100 (very important). After the end of the 

conditioning procedure, participants completed again pleasantness, arousal, and relevance 

ratings of the CSs using the same procedure as for the preconditioning ratings. In addition, 

they were asked to rate how many electric stimulations they received in response to each CS 

on a Likert scale from 0 to 9 to assess their explicit awareness of the CS-US contingencies. 

The order of the CS presentations and the questions was randomized between participants for 

both the preconditioning and postconditioning ratings. 

The pleasantness, arousal, and relevance ratings were analyzed with separate three-

way repeated-measures analyses of variance (ANOVAs) with time (pre vs. post), CS 

category (angry vs. happy vs. neutral), and CS type (CS+ vs. CS-) as within-participant 

factors, whereas the CS-US contingency ratings were analyzed with a two-way repeated-

measures ANOVA with CS category (anger vs. happy vs. neutral) and CS type (CS+ vs. CS-) 

as within-participant factors. Statistically significant effects were followed up with more 

focused repeated-measures ANOVAs and/or a multiple comparison procedure using Tukey’s 

HSD tests when applicable. 

Analysis of the pleasantness ratings (see Figure S2a) showed a three-way interaction 

between time, CS category, and CS type, F(2, 212) = 5.29, p = .006, partial η2 = .048, 90% CI 

[.008, .096]. A follow-up 3 (CS category: angry vs. happy vs. neutral) × 2 (CS type: CS+ vs. 

CS-) repeated-measures ANOVA for the preconditioning ratings indicated that the CS 

categories modulated the CSs’ rated pleasantness before conditioning, F(1.73, 183.12) = 

323.15, p < .001, partial η2 = .753, 90% CI [.707, .785]. As expected, happy faces were 

deemed more pleasant than angry faces (p < .001, gav = 2.887, 95% CI [2.432, 3.378]) and 
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neutral faces (p < .001, gav = 1.438, 95% CI [1.149, 1.743]), whereas neutral faces were 

evaluated as more pleasant than angry faces (p < .001, gav = 1.933, 95% CI [1.590, 2.298]). 

The follow-up repeated-measures ANOVA for the postconditioning ratings revealed an 

interaction effect between CS category and CS type, F(2, 212) = 6.40, p = .002, partial η2 = 

.057, 90% CI [.013, .109], reflecting that the difference in rated pleasantness between the 

CS+ and the CS- was higher for happy faces than angry and neutral faces. The CS+ was 

evaluated as less pleasant than the CS- for angry faces (p = .015, gav = 0.404, 95% CI [0.160, 

0.652]), happy faces (p < .001, gav = 0.811, 95% CI [0.546, 1.085]), and neutral faces (p < 

.001, gav = 0.662, 95% CI [0.401, 0.929]). Furthermore, happy faces were rated as more 

pleasant than angry faces (all ps < .001, 0.80 < gavs < 2.26), and neutral faces were deemed 

more pleasant than angry faces (all ps < .04, 0.39 < gavs < 1.59). The happy face CS- was 

likewise evaluated as more pleasant than the neutral face CS+ and CS- (p < .001, gav = 1.462, 

95% CI [1.133, 1.808], and p < .001, gav = 0.950, 95% CI [0.669, 1.241], respectively), and 

the happy face CS+ as more pleasant than the neutral face CS+ (p < .001, gav = 0.479, 95% 

CI [0.253, 0.710]), whereas there was no statistical difference in rated pleasantness between 

the happy face CS+ and the neutral face CS- (p = .999, gav = -0.044, 95% CI [-0.326, 0.238]). 

The arousal ratings analysis (see Figure S2b) revealed an interaction between time 

and CS type, F(1, 106) = 87.23, p < .001, partial η2 = .451, 90% CI [.335, .541]. Before 

conditioning, the CSs+ and the CSs- did not statistically differ in felt arousal (p > .99, gav = 

0.004, 95% CI [-0.155, 0.163]); by contrast, the CSs+ were rated as more arousing than the 

CSs- after conditioning (p < .001, gav = 1.149, 95% CI [0.874, 1.436]). The CSs+ were also 

deemed more arousing after conditioning than before it (p < .001, gav = 0.872, 95% CI [0.645, 

1.108]), whereas the CSs- were deemed less arousing after than before conditioning (p < 

.001, gav = 0.382, 95% CI [0.188, 0.581]). Moreover, the interaction between time and CS 

category yielded statistical significance, F(2, 212) = 22.81, p < .001, partial η2 = .177, 90% 
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CI [.101, .248]. Angry and happy faces were evaluated as more arousing than neutral faces 

both in the preconditioning and postconditioning ratings (all ps < .001, 0.86 < gavs < 1.86), 

but did not differ statistically between each other (all ps > .55, 0.03 < gavs < 0.18). In 

addition, neutral faces were evaluated as more arousing after than before conditioning (p < 

.001, gav = 0.837, 95% CI [0.559, 1.123]), which was not the case for angry faces (p = .949, 

gav = 0.070, 95% CI [-0.086, 0.226]) and happy faces (p = .953, gav = -0.077, 95% CI [-0.253, 

0.098]). 

For the relevance ratings (see Figure S2c), the analysis showed an interaction effect of 

time and CS type, F(1, 106) = 38.56, p < .001, partial η2 = .267, 90% CI [.153, .371]. 

Whereas there was no statistical difference in relevance ratings between the CSs+ and the 

CSs- prior to conditioning (p = .843, gav = 0.050, 95% CI [-0.070, 0.171]), the CSs+ were 

deemed more relevant than the CSs- after conditioning (p < .001, gav = 0.786, 95% CI [0.539, 

1.042]). Furthermore, the CSs+ were rated as more relevant after than before conditioning (p 

< .001, gav = 0.627, 95% CI [0.421, 0.840]), which was not the case for the CSs- (p = .489, 

gav = -0.133, 95% CI [-0.319, 0.052]). We also observed an interaction between time and CS 

category, F(2, 212) = 28.41, p < .001, partial η2 = .211, 90% CI [.131, .283]. Happy faces 

were evaluated as more relevant than angry and neutral faces both before and after 

conditioning (all ps < .001, 0.57 < gavs < 1.82), and angry faces as more relevant than neutral 

faces (all ps < .003, 0.39 < gavs < 0.98). Neutral faces were additionally rated as higher in 

relevance after conditioning relative to before conditioning (p < .001, gav = 0.897, 95% CI 

[0.633, 1.171]), whereas there was no statistical difference in preconditioning and 

postconditioning relevance ratings for angry faces (p = .876, gav = 0.086, 95% CI [-0.067, 

0.240]) and happy faces (p = .786, gav = -0.110, 95% CI [-0.278, 0.057]). 
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The postconditioning ratings of CS-US contingency (see Figure S2d) revealed an 

interaction between the CS categories and the CS types, F(2, 212) = 3.35, p = .037, partial η2 

= .031, 90% CI [.001, .072]. Follow-up analyses indicated that the CS+ was rated to be 

associated with the delivery of more electric stimulations than the CS- for angry (p < .001, gav 

= 1.876, 95% CI [1.495, 2.278]), happy (p < .001, gav = 2.345, 95% CI [1.933, 2.784]), and 

neutral (p < .001, gav = 1.817, 95% CI [1.468, 2.188]) faces. Additionally, participants 

evaluated the happy face CS+ as paired with more electric stimulations than the neutral face 

CS+ (p = .010, gav = 0.369, 95% CI [0.155, 0.587]), whereas the difference between the 

angry face CS+ and the neutral face CS+ did not yield statistical significance (p = .087, gav = 

0.312, 95% CI [0.080, 0.547]). No difference was found between the angry and the happy 

face CSs+ (p = .985, gav = 0.071, 95% CI [-0.136, 0.278]) or between the CSs- among the 

three CS categories (all ps > .16, 0.03 < gavs < 0.25). 

a b

c d
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Figure S2. Subjective ratings before (pre) and after (post) the conditioning procedure as a 

function of conditioned stimulus type (CS+ vs. CS-) and stimulus category (angry vs. happy 

vs. neutral). Mean (a) pleasantness ratings, (b) arousal ratings, (c) relevance ratings, and (d) 

CS-US contingency ratings. The dots indicate data for individual participants. Error bars 

indicate ± 1 SEM adjusted for within-participant designs (Morey, 2008). 

 

Computational modeling 

To characterize and provide insights into the computations underlying the influence of angry 

and happy faces, as opposed to neutral faces, on Pavlovian aversive conditioning, we 

constructed simple reinforcement learning models (Li, Schiller, Schoenbaum, Phelps, & 

Daw, 2011; Pearce & Hall, 1980; Rescorla & Wagner, 1972; see also Stussi, Pourtois, & 

Sander, 2018) and fitted them to the trial-by-trial normalized (i.e., scaled and squared-root-

transformed) skin conductance response (SCR) data for each CS category separately in order 

to estimate the models’ free parameters and to identify the best-fitting model. After selection 

of the best-fitting model, its parameter estimates were subsequently compared across angry, 

happy, and neutral face CSs. In addition to the modified Rescorla-Wagner model 

implementing dual learning rates reported in the main text, we considered the following 

alternative models. 

Rescorla-Wagner model. According to the Rescorla-Wagner model (Rescorla & 

Wagner, 1972), learning occurs when events deviate from expectations and correspondingly 

serves to update future expectations (Niv & Schoenbaum, 2008). It formalizes the notion of 

prediction error by stating that associative learning is directly driven by the discrepancy 

between the actual and the expected outcome. In this model, the predictive value (or 

associative strength) V at trial t + 1 of a given CS j is updated on the basis of the sum of the 
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current predictive value Vj at trial t and the prediction error between the predictive value Vj 

and the outcome R at trial t, weighted by a constant learning rate α: 

 

where the learning rate α is a free parameter within the range [0, 1]. If the unconditioned 

stimulus (US) was delivered on the current trial t, R(t) = 1, else R(t) = 0. 

Rescorla-Wagner model with a Pavlovian bias. Because we used CSs having a 

preexisting emotional value prior to conditioning, we tested a modified version of the 

Rescorla-Wagner model including a Pavlovian bias (see, e.g., de Berker et al., 2016; Guitart-

Masip et al., 2012), which considered the influence of the CS categories’ inherent features on 

learning (i.e., through the update of the CS predictive values indexed by the normalized SCR) 

beyond the CS-US contingency. In this model, the Pavlovian bias aims to capture inherent 

responding to the various CS categories by (a) affecting the impact of the CS current value on 

the computation of the updated CS value, with stimuli associated with a higher Pavlovian 

bias assigning a greater weight to the CS current value, and (b) setting the CS initial value V0 

at the estimated value of the Pavlovian bias for each CS category separately, thereby 

modeling initial responding to the CSs before conditioning. In accordance, the Rescorla-

Wagner model with a Pavlovian bias updates the predictive value V of a given CS j as 

follows: 

 

where the learning rate α and the Pavlovian bias b are free parameters within the range [0, 1]. 

As for the standard Rescorla-Wagner model, if the US was delivered on the current trial t, 

R(t) = 1, else R(t) = 0. According to this model, a higher Pavlovian bias leads to greater 

responding before conditioning (i.e., during habituation) as well as during acquisition and 

extinction relative to a lower Pavlovian bias. This adapted version of the Rescorla-Wagner 

model thus allows for accommodating how certain stimulus categories can be associated with 

( 1) ( ) ( ( ) ( ))j j jV t V t R t V ta+ = + × -

( 1) ( ) ( ( ) ( ))j j jV t b V t R t V ta+ = × + × -
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enhanced initial responding during habituation, along with a heightened CR during 

acquisition and extinction. 

Rescorla-Wagner with dual learning rates and a Pavlovian bias. To determine 

whether the CS categories could differentially influence excitatory and inhibitory learning 

processes independently of, or in combination with, their inherent responding, we adapted the 

Rescorla-Wagner model by incorporating both dual learning rates and a Pavlovian bias. In 

this model, the predictive value V of a given CS j is updated as indicated below: 

 

where the learning rate for positive prediction errors α+, the learning rate for negative 

prediction errors α-, and the Pavlovian bias b are free parameters within the range [0, 1]. If the 

US was delivered on the current trial t, R(t) = 1, else R(t) = 0. As for the previous model, the 

initial CS values V0 were set at the value of the estimated Pavlovian bias for each CS 

category. 

Hybrid model. In addition to maintaining the basic assumption that learning is 

directly driven by prediction errors as stated in the Rescorla-Wagner model, the hybrid model 

proposed by Li et al. (2011) incorporates the Pearce-Hall associability mechanism (Pearce & 

Hall, 1980). The Pearce-Hall model specifically asserts that the CS associability determines 

the learning rate and is dynamically modulated on each trial as a function of unsigned past 

prediction errors. According to the Pearce-Hall algorithm, the CS associability decreases 

when the CS accurately and reliably predicts the actual outcome, whereas it increases when 

the CS is an unreliable predictor of the actual outcome. In the hybrid model, the predictive 

value V and the associability α of a given CS j are updated as follows: 

  

  

( ) ( ( ) ( )) ( ) ( ) 0
( 1)

( ) ( ( ) ( )) ( ) ( ) 0
j j j

j
j j j

b V t R t V t if R t V t
V t

b V t R t V t if R t V t
a
a

+

-

ì × + × - - >ï+ = í × + × - - <ïî

( 1) ( ) ( ) ( ( ) ( ))j j j jV t V t t R t V tk a+ = + × × -

( 1) ( ) ( ) (1 ) ( )j j jt R t V t ta h h a+ = × - + - ×
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where the initial associability α0, the learning rate κ, and the weighting factor η are free 

parameters within the range [0, 1]. If the US was delivered on the current trial t, R(t) = 1, else 

R(t) = 0. 

Hybrid model with dual learning rates. Similar to the modified Rescorla-Wagner 

model implementing different learning rates for positive and negative prediction errors, we 

also constructed a modified hybrid model with dual learning rates. In this modified version of 

the hybrid model, the predictive value V and the associability α of a given CS j are updated as 

follows: 

 

 

where the initial associability α0, the learning rate for positive prediction errors κ+, the 

learning rate for negative prediction errors κ–, and the weighting factor η are free parameters 

within the range [0, 1]. If the US was delivered on the current trial t, R(t) = 1, else R(t) = 0. 

Hybrid model with a Pavlovian bias. We additionally considered a hybrid model 

including a Pavlovian bias modulating the CS current value. According to this model, the 

predictive value V and the associability α of a given CS j are updated as shown below: 

 

 

where the initial associability α0, the learning rate κ, the Pavlovian bias b, and the weighting 

factor η are free parameters within the range [0, 1]. If the US was delivered on the current 

trial t, R(t) = 1, else R(t) = 0. Similarly to the versions of the Rescorla-Wagner model 

implementing a Pavlovian bias, the Pavlovian bias values likewise determined the initial CS 

values V0. 

( ) ( ) ( ( ) ( )) ( ) ( ) 0
( 1)

( ) ( ) ( ( ) ( )) ( ) ( ) 0
j j j j

j
j j j j

V t t R t V t if R t V t
V t

V t t R t V t if R t V t
k a
k a

+

-

ì + × × - - >ï+ = í + × × - - <ïî

( 1) ( ) ( ) (1 ) ( )j j jt R t V t ta h h a+ = × - + - ×

( 1) ( ) ( ) ( ( ) ( ))j j j jV t b V t t R t V tk a+ = × + × × -

( 1) ( ) ( ) (1 ) ( )j j jt R t V t ta h h a+ = × - + - ×
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Hybrid model with dual learning rates and a Pavlovian bias. The last model that 

we considered consisted of an adapted version of the hybrid model implementing both dual 

learning rates and a Pavlovian bias. In this model, the predictive value V and the associability 

α of a given CS j are updated as follows: 

 

 

where the initial associability α0, the learning rate for positive prediction errors κ+, the 

learning rate for negative prediction errors κ–, the Pavlovian bias b, and the weighting factor 

η are free parameters within the range [0, 1]. If the US was delivered on the current trial t, 

R(t) = 1, else R(t) = 0. The initial CS values V0 were also set at the estimated Pavlovian bias 

values to account for possible differences in initial responding to the various CS categories 

prior to conditioning. 

Model and parameter fitting. We fitted and optimized the models’ free parameters 

using maximum a posteriori estimation, which consisted in finding the set of parameters 

maximizing the likelihood of each participant’s trial-by-trial normalized SCRs to the CS 

given the model, constrained by a regularizing prior (Gershman, 2016; Niv et al., 2012). The 

free parameters were constrained with a Beta (1.2, 1.2) prior distribution that favors a normal 

distribution of the estimated parameters. Fifty random initializations were performed to 

obtain maximum likelihood estimates for each parameter in order to avoid local optima. We 

used the trial-by-trial timeseries of CS predictive values V(t) to optimize the free parameters 

for the Rescorla-Wagner model (RW[V]), the modified Rescorla-Wagner model with dual 

learning rates (dual RW[V]), and their version implementing a Pavlovian bias (RW b[V] and 

dual RW b[V], respectively). For the hybrid model, the hybrid model with dual learning rates, 

and the hybrid models incorporating a Pavlovian bias, we optimized the free parameters 

( ) ( ) ( ( ) ( )) ( ) ( ) 0
( 1)

( ) ( ) ( ( ) ( )) ( ) ( ) 0
j j j j

j
j j j j

b V t t R t V t if R t V t
V t

b V t t R t V t if R t V t
k a
k a

+

-

ì × + × × - - >ï+ = í × + × × - - <ïî

( 1) ( ) ( ) (1 ) ( )j j jt R t V t ta h h a+ = × - + - ×
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separately for each possible combination based on the trial-by-trial timeseries of CS values 

V(t) (Hybrid[V], dual Hybrid[V], Hybrid b[V], and dual Hybrid b[V]), the trial-by-trial 

timeseries of CS associabilities α(t) (Hybrid[α], dual Hybrid[α], Hybrid b[α], and dual Hybrid 

b[α]), or the combination of both (Hybrid[V+α], dual Hybrid[V+α], Hybrid b[V+α], and dual 

Hybrid b[V+α]; see Li et al., 2011; Zhang, Mano, Ganesh, Robbins, & Seymour, 2016). 

Given that participants were expecting to receive electric stimulations at the outset of the 

Pavlovian aversive conditioning procedure because of the work-up procedure and the 

instructions, we set each CS initial predictive value V0 to 0.5 for the models that did not 

incorporate a Pavlovian bias. We also conducted further analyses that modeled the initial 

values as free parameters to capture potential differential responding to the CSs prior to 

conditioning, but these analyses did not provide a better fit to the data. We fitted the various 

models using a separate set of free parameters for each participant (a) across all trials, and (b) 

separately for each CS category (Boll, Gamer, Gluth, Finsterbusch, & Büchel, 2013). This 

allowed for comparing the parameter estimates that best fitted to the normalized SCR data 

between the three different CS categories. Two participants were excluded from the 

computational analyses because their individual parameters could not be estimated due to a 

lack of SCR to all the angry face CSs during the experiment. The final sample size for the 

computational analyses included 105 participants (83 women, 22 men; mean age = 21.79 ± 

2.46 years). 

Model comparison. We performed model comparison with the Bayesian information 

criterion (BIC; Schwarz, 1978; see also Stussi et al., 2018; Zhang et al., 2016). In addition to 

providing a quantitative measure of the models’ goodness of fit, the BIC considers and 

penalizes for the number of free parameters that the model includes. For each model, the 

mean BIC value was computed using the average of individual participant’s estimated 

parameters. The models were additionally compared against a random model, in which the 
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predictive value Vj(t) and the prediction errors were updated at each trial by adding random 

noise from a uniform random distribution within the range [-0.1, 0.1] (Prévost, McNamee, 

Jessup, Bossaerts, & O’Doherty, 2013). This allowed us to confirm that the reinforcement 

learning models that we used outperformed a model implementing random predictions. The 

mean BIC values for each model are reported in Table S1. 

Relationship between modeled learning signals and participants’ normalized 

skin conductance responses. We further assessed whether, and the extent to which, modeled 

predictive value and prediction error signals from the best-fitting model (i.e., the dual-

learning-rate Rescorla-Wagner model; see Table S1) were predictive of the participants’ trial-

by-trial normalized SCRs (see Li et al., 2011; Pauli et al., 2015). To do so, we performed a 

multiple linear regression in which we regressed predictive value and prediction error 

timeseries generated with the individual parameter estimates from the dual-learning-rate 

Rescorla-Wagner model and averaged across participants against the averaged trial-by-trial 

normalized SCRs. This analysis revealed that predictive value and prediction error signals 

explained a statistically significant portion of variance of trial-by-trial normalized SCRs (R2 = 

.638, 90% CI [.518, .725], adjusted R2 = .630, F(2, 87) = 76.84, p < .001). Predictive value 

signals predicted trial-by-trial normalized SCRs, b = 0.442, 95% CI [0.371, 0.513], β = .799, 

t(87) = 12.39, p < .001 (see Figure S3), which was not the case for prediction error signals, b 

= 0.014, 95% CI [-0.024, 0.053], β = .048, t(87) = 0.74, p = .462. 
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Table S1 

Goodness of fit to normalized skin conductance responses for individual models using the mean Bayesian information criterion (N = 105) 

  Model 

CS 
category 

 

RW(V) 
Dual  

RW(V) 
RW 
b(V) 

Dual 
RW 
b(V) 

Hybrid  
(V) 

Hybrid  
(α) 

Hybrid  
(V+α) 

Dual 
Hybrid  

(V) 

Dual 
Hybrid  

(α) 

Dual 
Hybrid  
(V+α) 

Hybrid 
b(V) 

Hybrid  
b(α) 

Hybrid 
b(V+α) 

Dual 
Hybrid 

b(V) 

Dual 
Hybrid 

b(α) 

Dual 
Hybrid 
b(V+α) 

Random 

All  -0.59 -4.86 -3.57 -0.15 6.38 -1.17 -1.64 2.15 1.78 1.37 3.80 0.97 1.47 7.35 5.04 5.57 13.17 

Angry  -0.32 -1.26 -0.24 2.22 5.46 1.07 0.93 4.36 3.07 3.36 5.41 2.07 3.08 7.89 5.74 6.33 7.31 

Happy  -1.52 -2.96 -1.71 0.90 4.37 0.05 -0.26 2.83 1.92 1.93 3.85 1.81 2.05 6.39 4.81 4.52 5.17 

Neutral  -3.83 -5.03 -5.05 -2.23 2.25 -2.09 -2.23 0.93 0.08 0.17 0.83 0.11 -0.43 3.65 3.24 2.76 2.09 

                   Note. RW = Rescorla-Wagner model, V = predictive values, α = associabilities, Dual = dual-learning-rate, b = Pavlovian bias.
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Figure S3. Relationship between modeled predictive values (V) and trial-by-trial normalized 

skin conductance responses (SCRs) averaged across participants using the individual best-

fitting parameters for the Rescorla-Wagner model implementing dual learning rates. 

Triangles represent reinforced conditioned stimuli (CSs+) and circles represent unreinforced 

conditioned stimuli (CSs-). The line represents the fitted regression line using least squares 

estimation and 95% confidence interval. 

 

Exploratory analyses 

We carried out exploratory analyses to investigate whether the conditioned response to happy 

faces during early acquisition and extinction, as well as the estimated learning rates for 

positive and negative prediction errors to happy faces, were predicted by personality traits 

besides extraversion. To do so, we performed hierarchical multiple linear regressions to 

examine whether the addition of neuroticism (M = 24.07, SD = 9.10, range = 3-46, 

R2 = .636
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Cronbach’s α = .89), openness (M = 29.71, SD = 6.08, range = 16-42, Cronbach’s α = .70), 

agreeableness (M = 33.33, SD = 6.57, range = 13-46, Cronbach’s α = .78), and 

conscientiousness (M = 31.59, SD = 7.64, range = 0-46, Cronbach’s α = .83) scores improved 

prediction of the various dependent variables relative to a model including only extraversion, 

differential d’ index for happy faces, and differential reaction time index for happy faces as 

predictors. We adjusted the alpha level of significance !	to correct for multiple testing using 

false discovery rate (FDR) with the following formula (Benjamini & Hochberg, 1995): 

! = $
% ∙ ' 

where $ corresponds to the individual p value’s rank (in an ascending order), % is the total 

number of tests (i.e., the sum of the number of predictors in each model multiplied by the 

number of dependent variables), and ' is the false discovery rate (here ' = .05). Results of 

these analyses are displayed in Table S2. Altogether, the inclusion of participants’ 

neuroticism, openness, agreeableness, and conscientiousness scores did not statistically 

significantly improve prediction of the conditioned response, as well as the estimated 

learning rates for negative prediction errors, to happy faces (all Fs < 2.24, all ps > .07). 

Neuroticism was negatively associated with the conditioned response to happy faces during 

early acquisition, b = -0.005, 95% CI [-0.010, -0.0004], β = -.224, t(99) = -2.15, p = .034; 

however, this association did not survive correction of the significance level for multiple 

comparisons using FDR (α = 4/40 ∙ .05 = .005). By contrast, the inclusion of these predictors 

improved prediction of the estimated learning rates for positive prediction errors, F(4, 97) = 

2.52, p = .046, and explained an additional 9.03% of the variation thereof. Neuroticism 

negatively predicted the estimated learning rates for positive prediction errors to happy faces 

(see Figure S4), b = -0.011, 95% CI [-0.019, -0.004], β = -.307, t(97) = -2.98, p = .0037; this 

association remaining statistically significant after correcting for multiple testing with FDR 

(α = 3/40 ∙ .05 = . 0038). This exploratory result suggests that happy faces were associated 
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with lower excitatory learning rates in participants high in neuroticism than in those lower in 

this trait. None of the other personality traits were found to be statistically significant 

predictors of the conditioned response to happy faces during early acquisition or extinction 

and of the learning rates for positive and negative prediction errors to happy faces, even 

without correcting for multiple comparisons (all ps > .05). 

Figure S4. Relationship between neuroticism and the learning rates for positive prediction 

errors (excitatory learning) for happy faces. The line represents the fitted regression line 

using least squares estimation and 95% confidence interval. 

 

We conducted additional exploratory analyses to investigate whether personality traits 

and differential d’ and reaction time indices derived from the GNAT were related to the 

conditioned response and the learning rates to angry and neutral faces. We ran multiple linear 

regressions with extraversion, neuroticism, openness, agreeableness, conscientiousness, 

R2 =  
.109
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differential d’ index, and differential reaction time index as predictors of the conditioned 

response during (a) early acquisition and (b) extinction, and of the learning-rate estimates for 

(c) positive and (d) negative prediction errors to both angry and neutral faces. Results of the 

analyses for angry faces and neutral faces are shown in Table S3 and Table S4, respectively. 

Conscientiousness was positively associated with the conditioned response to neutral faces 

during extinction, b = 0.003, 95% CI [0.00005, 0.006], β = .196, t(99) = 2.02, p = .047, and 

with the inhibitory learning rate to neutral faces, b = 0.007, 95% CI [0.00008, 0.015], β = 

.198, t(97) = 2.01, p = .048; however, these relationships were no longer statistically 

significant after adjusting the significance level for multiple comparisons using FDR (α = 

1/28 ∙ .05 = .0018 and α = 2/28 ∙ .05 = .0036, respectively). No other statistically significant 

relationship was observed between the various predictors and the dependent variables, even 

without correcting for multiple testing (all ps > .06). 
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Table S2 

Results for the exploratory hierarchical multiple linear regression analyses for happy faces 

 Conditioned response to happy faces during 
early acquisition (N = 107) 

 
Conditioned response to happy faces during 

extinction (N = 107) 

 Estimated excitatory learning rate  
to happy faces  

(N = 105) 

 Estimated inhibitory learning rate  
to happy faces  

(N = 105) 

 b SE β t p 
 

b SE β t p 
 

b SE β t p 
 

b SE β t p 

Model 1 R2 = .015 
 

R2 = .131 
 

R2 = .041 
 

R2 = .047 

Intercept 0.073 0.106  0.69 .494 
 

0.027 0.087  0.31 .759 
 

0.069 0.169  0.41 .685 
 

0.446 0.150  2.97 .004 

Extraversion 0.003 0.004 .085 0.87 .388 
 

0.002 0.003 .046 0.50 .621 
 

0.009 0.006 .146 1.49 .140 
 

-0.002 0.005 -.031 -0.32 .750 

Differential  
d’ index -0.005 0.039 -.013 -0.13 .896 

 
-0.028 0.032 -.082 -0.87 .386 

 
0.083 0.062 .133 1.33 .187 

 
0.076 0.055 .137 1.37 .173 

Differential  
reaction time 
index 

-0.001 0.001 -.096 -0.96 .341 
 

0.002 0.0005 .360*** 3.83 < .001 
 

-0.000 0.001 -.019 -0.19 .852 
 

-0.002 0.001 -.195 -1.95 .054 

Model 2 R2 = .097, DR2 = .082,  
F(4, 99) = 2.24, p = .070  

 
R2 = .149, DR2 = .019,  

F(4, 99) = 0.55, p = .699 

 
R2 = .131, DR2 = .090,  

F(4, 97) = 2.52, p = .046 

 
R2 = .058, DR2 = .011,  

F(4, 97) = 0.28, p = .890 

Intercept 0.080 0.222  0.36 .720 
 

0.031 0.188  0.17 .868 
 

0.270 0.350  0.77 .443 
 

0.302 0.324  0.93 .355 

Extraversion 0.002 0.004 .055 0.51 .612 
 

-0.000 0.003 -.008 -0.08 .936 
 

0.002 0.006 .040 0.37 .710 
 

-0.003 0.006 -.049 -0.44 .695 

Differential  
d’ index -0.023 0.039 -.059 -0.59 .558 

 
-0.033 0.033 -.097 -1.01 .317 

 
0.059 0.062 .095 0.95 .343 

 
0.070 0.058 .125 1.21 .230 
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Differential 
reaction time 
index 

-0.000 0.001 -.082 -0.83 .409 
 

0.002 0.0005 .359** 3.74 < .001 
 

-0.000 0.001 -.009 -0.09 .927 
 

-0.002 0.001 -.202 -1.98 .051 

Neuroticism -0.005 0.002 -.224 -2.15 .034 
 

-0.003 0.002 -.127 -1.26 .211 
 

-0.011 0.004 -.307* -2.98 .004 
 

0.001 0.004 .038 0.35 .728 

Openness 0.006 0.003 .165 1.70 .093 
 

0.002 0.003 .055 0.59 .559 
 

0.006 0.005 .100 1.03 .303 
 

-0.002 0.005 -.039 -0.39 .699 

Agreeableness -0.003 0.003 -.106 -1.02 .312 
 

0.001 0.003 .042 0.41 .681 
 

0.002 0.005 .031 0.30 .767 
 

0.003 0.005 .060 0.56 .580 

Conscien-
tiousness 0.003 0.003 .110 1.10 .273 

 
0.001 0.002 .025 0.26 .797 

 
0.001 0.004 .028 0.29 .775 

 
0.003 0.004 .086 0.83 .407 

Note. ***p < .001, **p < .01, *p < .05 (FDR-corrected).
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Table S3 

Results for the exploratory multiple linear regression analyses for angry faces 

 Conditioned response to angry faces during 
early acquisition (N = 107) 

 
Conditioned response to angry faces during 

extinction (N = 107) 

 Estimated excitatory learning rate  
to angry faces  

(N = 105) 

 Estimated inhibitory learning rate  
to angry faces  

(N = 105) 

 b SE β t 
(99) p 

 
b SE β t 

(99) p 
 

b SE β t 
(97) p 

 
b SE β t 

(97) p 

Intercept -0.170 0.245  -0.69 .490 
 

0.118 0.181  0.65 .518 
 

-0.171 0.341  -0.50 .617 
 

0.533 0.273  1.95 .054 

Extraversion -0.000 0.004 -.008 -0.07 .943 
 

-0.004 0.003 -.134 -1.22 .225 
 

0.010 0.006 .192 1.77 .080 
 

-0.005 0.005 -.113 -1.00 .320 

Differential  
d’ index -0.017 0.051 -.036 -0.34 .733 

 
0.000 0.037 .000 0.00 .999 

 
-0.018 0.070 -.026 -0.25 .802 

 
-0.012 0.056 -.023 -0.22 .829 

Differential  
reaction time 
index 

0.000 0.001 .002 0.02 .983 
 

-0.001 0.001 -.132 -1.24 .219 
 

-0.000 0.001 -.022 -0.21 .835 
 

-0.000 0.001 -.055 -0.50 .618 

Neuroticism -0.003 0.003 -.109 -1.01 .317 
 

-0.001 0.002 -.081 -0.75 .454 
 

-0.003 0.004 -.098 -0.92 .361 
 

-0.002 0.003 -.066 -0.60 .551 

Openness 0.003 0.004 .081 0.80 .426 
 

-0.002 0.003 -.081 -0.79 .430 
 

-0.001 0.005 -.026 -0.26 .798 
 

0.001 0.004 .023 0.21 .830 

Agreeableness 0.005 0.004 .150 1.40 .166 
 

0.002 0.003 .093 0.87 .389 
 

0.003 0.005 .065 0.61 .542 
 

-0.002 0.004 -.062 -0.57 .572 

Conscien-
tiousness 0.004 0.003 .142 1.36 .178 

 
0.003 0.002 .146 1.40 .164 

 
0.005 0.004 .117 1.12 .266 

 
0.001 0.003 .030 0.28 .780 

R2 .061 
 

.066 
 

.098 
 

.027 
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Table S4 

Results for the exploratory multiple linear regression analyses for neutral faces 

 Conditioned response to neutral faces during 
early acquisition (N = 107) 

 
Conditioned response to neutral faces during 

extinction (N = 107) 

 Estimated excitatory learning rate  
to neutral faces  

(N = 105) 

 Estimated inhibitory learning rate  
to neutral faces  

(N = 105) 

 b SE β t 
(99) p 

 
b SE β t 

(99) p 
 

b SE β t 
(97) p 

 
b SE β t 

(97) p 

Intercept -0.258 0.203  -1.27 .206 
 

-0.089 0.123  -0.72 .471 
 

-0.104 0.319  -0.33 .745 
 

0.357 0.296  1.21 .231 

Extraversion 0.005 0.004 .144 1.31 .193 
 

0.000 0.002 .001 0.01 .993 
 

0.003 0.006 .053 0.47 .640 
 

-0.005 0.005 -.108 -0.99 .325 

Differential  
d’ index -0.025 0.044 -.057 -0.58 .565 

 
0.025 0.026 .093 0.96 .342 

 
0.017 0.069 .025 0.24 .807 

 
0.028 0.064 .044 0.45 .656 

Differential  
reaction time 
index 

0.000 0.001 .010 0.10 .924 
 

0.000 0.0003 .027 0.27 .788 
 

0.000 0.001 .054 0.53 .598 
 

-0.000 0.001 -.038 -0.38 .703 

Neuroticism 0.000 0.002 .008 0.07 .942 
 

-0.001 0.001 -.040 -0.39 .699 
 

0.000 0.004 .011 0.11 .916 
 

-0.002 0.003 -.055 -0.52 .603 

Openness 0.000 0.003 .007 0.07 .944 
 

-0.003 0.002 -.134 -1.38 .171 
 

-0.001 0.005 -.018 -0.17 .862 
 

0.008 0.005 .169 1.71 .090 

Agreeableness 0.005 0.003 .181 1.72 .089 
 

0.003 0.002 .184 1.78 .078 
 

0.009 0.005 .200 1.85 .067 
 

-0.005 0.005 -.119 -1.13 .259 

Conscien-
tiousness -0.000 0.003 -.003 -0.03 .978 

 
0.003 0.002 .196 2.02 .047 

 
-0.000 0.004 -.003 -0.03 .976 

 
0.007 0.004 .198 2.01 .048 

R2 .075 
 

.106 
 

.051 
 

.099 
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