Supplementary Materials
Bayesian Estimation for the Multinomial Logit Model
	Here we describe the multinomial logit (MNL) model used to analyze the choices in Experiments 1a–3b. Data and code to reproduce the analyses is available on OSF. We assume choices are probabilistic and follow the MNL model, also known as Luce’s choice rule or the softmax function. The core idea is that each of the presented options has an associated utility that influences the probability of choosing that option, via the MNL model. We then infer which utility parameters were most likely to have generated the observed choices. We first describe the MNL model for the single-choice tasks in Experiments 1a to 2b, which is simpler than the MNL model for the repeated-choice task in Experiments 3a and 3b. 
Experiments 1a–2b
Each participant selected a single option (emotion regulation strategy) from the set of 6 options. Let the probability of choosing option x be p(x), the utility of option x be u(x), and S be the set of available choice options; that is S  {reappraisal, rumination, expressive suppression, distraction, experiential suppression, amplification}. The MNL model is 

We estimated a separate set of 6 utility parameters for each of the 4 goal conditions for a total of 24 utility parameters. The prior distribution for each utility parameter was normally distributed with mean =0 and variance 2=10. The parameters of MNL models are unique up to an additive constant and thus require an additional constraint for identifiability. This is sometimes achieved by setting one of the parameters as a reference level, typically to the origin. Following Hawkins, Islam and Marley (2019), we instead mean-centered the set of 6 utility parameters separately for each goal condition. Compared to a reference-level constraint, the mean-centering constraint has the advantage that we obtain a posterior distribution for all 6 utility parameters (as in Figures 2 of the main text) which permits more straightforward comparison of utility parameters across the 4 goal conditions. We obtained samples from the posterior distribution of the parameters using R and Just Another Gibbs Samplers (JAGS; Plummer, 2003). We took 5500 samples from each of 3 independent chains. We discarded the first 500 iterations as burn-in and thinned the remaining samples to every 2nd iteration for a total of 7500 samples from the posterior distribution. All chains in all analyses converged to the posterior distribution with  < 1.1. 
Experiment 3
	Task design. Each participant completed 10 trials in Experiment 3. Each trial presented 3 of the 6 strategies and participants were asked to choose the strategy that was most and least likely to achieve their goal. This is a best-worst scaling task, which is a generalization of a discrete choice experiment (see Louviere, Flynn, & Marley, 2015 for an introduction to theory and methods for best-worst scaling). For consistency with the best-worst scaling literature, in this section we refer to the strategies chosen as most and least likely to achieve a goal as the best and worst options, respectively. 
As in Experiments 1 and 2, S represents the set of 6 emotion strategies. Let D(S) be the design of the study, where each element of the set D(S) represents the set of 3 options presented on a single trial. The design in this study was a balanced incomplete block design (BIBD). A BIBD ensures that each option appears an equal number of times across trials, and that each option co-occurs with every other option an equal number of times. In Experiment 3, each of the 6 options appeared in 5 trials and appeared with each other option in 2 trials. Table S1 gives the set of 10 trials presented to each participant. The order of the 10 trials was randomized across participants and the position of each option in the display (1st, 2nd, 3rd) was randomized across trials. 
Table S1. The balanced incomplete block design (BIBD) for Experiment 3. Rows represent trials.
	Option 1
	Option 2
	Option 3

	Reappraisal
	Rumination
	Experiential suppression

	Expressive suppression
	Experiential suppression
	Amplification

	Reappraisal
	Expressive suppression
	Distraction

	Reappraisal
	Rumination
	Amplification

	Rumination
	Expressive suppression
	Distraction

	Reappraisal
	Expressive suppression
	Amplification

	Experiential suppression
	Distraction
	Amplification

	Rumination
	Expressive suppression
	Experiential suppression

	Reappraisal
	Experiential suppression
	Distraction

	Rumination
	Distraction
	Amplification



MNL Model. The repeated-choice task in Experiment 3 afforded two views on the cognitive processes participants used to make their choices: (1) bias for the position of an option in the display, and (2) bias for the order in which they respond. Bias (1) was relevant in Experiments 1 and 2 but it could not be identified from data since each participant made a single choice. This means that a participant choosing the option that appeared in position 1 of the display may truly prefer that option or they may be responding to the first option they see. The repeated-choice task of Experiment 3 allowed us to separate participants’ preferences for particular options vs. their bias to respond toward options that appear in particular positions of the display. Bias (2) was not relevant for Experiments 1 and 2 as participants only selected the best option. 
We controlled for both biases in our analysis of Experiment 3. For bias (1), we included alternative-specific constants in the MNL model to estimate the preference to respond toward particular positions in the display that is independent of the underlying utility of the options; this approach is standard in repeated-choice tasks (Train, 2009). Let ijk be the alternative-specific constant for participant i = {1,2, …,N}, choice type j = {best, worst}, and position in the display k = {1,2,3}. For identifiability, we set ij1 = 0 for all i and j.
For bias (2), we take advantage of the fact that participants could respond on each trial in one of two orders: choose the best option and then the worst option or choose the worst option and then the best option. The choice order forces dependence of the second choice on the first, altering the likelihood function. Consider a trial with the set of options {1,2,3} and suppose a participant’s first choice was for option 1. The second choice is made from the reduced set of 2 available options {2,3} since option 1 is no longer available for choice; the options that appear in the reduced set for the second choice are dependent on the option that was chosen first. This is not an artefact of the experiment’s implementation: even if the experiment forced participants to respond best then worst (or worst then best), it does not guarantee that the participant’s cognitive process also operated in the same order. This leads to a two-component likelihood function that depends on whether participants make choices best then worst, or worst then best. Let i be the probability that participant i = {1,2,…,N} responded in the order best then worst; the probability of responding worst then best is 1 – . 
Expanding the notation from Experiments 1 and 2, for each trial X  D(S), let BX(x) be the probability that option x is chosen as best in X, WX(y) be the probability that option y is chosen as worst in X, and BWX(x,y) be the joint probability that option x is chosen as best in X and option y  x is chosen as worst in X. Additionally, let the utility of option x as best be b(x) and the utility of option x as worst be w(x) = 1 – b(x); the latter assumption is common to many MNL-based models of best-worst choice (Louviere et al., 2015). The model for Experiment 3 is then


with notation for individuals and trials suppressed for clarity. Substituting the MNL form of Equation (1) into Equation (2) and adding alternative-specific constants we have



For each participant we estimated 11 parameters: 6 utilities (one for each emotion-regulation strategy), 4 alternative-specific constants (for display positions 2 and 3, for best and worst choices), and 1 probability (for responding in the order best then worst). The prior distribution for the utility and alternative-specific constant parameters were normally distributed with mean =0 and variance 2=10, and the probability parameter for response order was uniformly distributed between 0 and 1. We took 6500 samples from each of 3 independent chains. We discarded the first 2500 iterations as burn-in and thinned the remaining samples to every 2nd iteration for a total of 6000 samples from the posterior distribution. All chains in all analyses converged to the posterior distribution with  < 1.1. 
	The main text reports the estimated utility parameters. The bias parameters (alternative-specific constants, response order probability) are not of primary concern to the hypotheses so they are not reported further. Rather, the flexibility afforded by these bias parameters increases confidence that the utility estimates that our primary results are based on are not unduly influenced if a researcher was to make different assumptions for the hypothesized cognitive processes in which participants made choices.
Experiments 2a and 2b
Effects of Goal Manipulation on Self-reported Emotion Expression
Experiment 2a. There was a significant main effect of express goal on positive emotion expression during video recording, F(1,196) = 85.19, p < .001, d = 1.30, such that participants reported expressing more positive emotion in the express condition (M = 3.88, SD = 1.26) compared to the do not express condition (M = 2.31, SD = 1.14). There was no significant main effect of experience goal on positive emotion expression, F(1,196) = 2.48, p = .117, and no significant interaction, F(1,196) = 0.76, p = .385.
Experiment 2b. There was a significant main effect of express goal on negative emotion expression during video recording, F(1,196) = 10.64, p < .001, d = 0.36, such that participants reported expressing more negative emotion in the express condition (M = 2.76, SD = 1.10) compared to the do not express condition (M = 2.27, SD = 1.01). There was no significant main effect of experience goal on negative emotion expression, F(1,196) = 0.05, p = .815, and no significant interaction, F(1,196) = 0.90, p = .345.
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