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Abstract
People often exhibit systematic differences in their risky choices when decisions elicit high anticipatory affect, compared to choices that are relatively affect-poor—typically showing lower decision quality and greater risk aversion. People often show systematic differences in risky choices that elicit high anticipatory affect as compared to choices that are relatively affect-poor (lower decision quality and higher risk aversion). This affect gap can be modeled by assuming that people use a compensatory strategy (i.e., a strategy that weighs outcomes against their probability of occurring) for affect-poor choices, but a simple non-compensatory strategy that considers outcome but ignores probability information in affect-rich choices. The reasons for these differences in strategy selection, however, are not yet understood. To examine whether the affect gap may reflect that in affect-rich choices cognitive resources are more strongly taxed (leading to a simplification of the underlying decision strategy), we investigated whether the affect gap is impacted by a time pressure manipulation. Participants were asked to choose between affect-rich prospects (medical lotteries) and economically equivalent but relatively affect-poor prospects (monetary lotteries) prospects either without a time constraint or under time pressure. The results did not indicated that the affect gap manifested similarly a change of the affect gap under time pressure as without time pressure. Specifically, differences between affect-rich and affect-poor choices in strategy selection did not differ between time pressure conditions, and differences in decision quality and risk aversion were even slightly attenuated under time pressure. The findings suggest that the differences in decision behavior between affect-rich and affect-poor choices are not driven by cognitive constraints. We further discuss the potential psychological mechanisms involved in the affect gap. 
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Does Time Pressure Alter the Affect Gap in Risky Choice?
Anticipatory affect plays a key role in our ability to make decisions (e.g., Bechara & Damasio, 2005; Loewenstein et al., 2001). It allows a person to simulate the consequences of different choice outcomes, and thereby helps to guide behavior based on “gut feeling” responses (Bechara & Damasio, 2005). Anticipatory affect has also been shown to influence decision-making under risk (e.g., Lejarraga et al., 2016; Pachur et al., 2014; Pachur & Galesic, 2013; Popovic et al., 2019; Rottenstreich & Hsee, 2001; Suter et al., 2016). Affect-rich choices have often been studied using medical lotteries, such as choosing between different medications that may elicit a side effect with a given probability (see Pachur et al., 2014; see Rottenstreich & Hsee, 2001, for other types of outcomes). These affect-rich choices are compared to choices in problems that are economically and structurally matched to the medical choice problems but trigger less affect, that is, affect-poor choices (Pachur et al., 2014; Popovic et al., 2019; Suter et al., 2016). These sStudies have consistently found an affect gap, in that there are differences in decision behavior in affect-rich choice problems compared to relatively affect-poor choice problems. For instance, participants show lower decision quality (in terms of selecting the option with the higher expected value, a frequently used proxy measure for decision quality; e.g., Pachur et al., 2017; Zilker et al., 2020; Zilker, 2024) and higher risk aversion in affect-rich choice problems (with negative outcomes) than in matched affect-poor choice problems (e.g., Frank & Pachur, in press).
	Several studies have suggested that the affect gap reflects a systematic difference in strategy selection between affect-rich and affect-poor choices. In compensatory decision strategies, all pieces of information are weighted against each other to optimize one’s choice, such that, for instance, a large loss can be balanced out if it only occurs with a low probability. In non-compensatory decision strategies, by contrast, only some of the available information about an option is considered, and if an option has a large possible loss, this cannot be balanced out by the outcome occurring with only a low probability. Importantly, because they consider only part of the available information and forego information integration, non-compensatory strategies are typically less cognitively demanding than compensatory ones (Gigerenzer & Goldstein, 1996; Payne et al., 1993; Shah & Oppenheimer, 2008; but see Fechner et al., 2018). In line with the notion of probability neglect in decisions that trigger intense affect (Sunstein, 2002), the studies on the affect gap have provided robust evidence that relative to affect-poor choices, in affect-rich choices individuals are more likely to use a non-compensatory decision strategy that ignores the probability of the outcomes (Pachur et al., 2014; Popovic et al., 2019; Suter et al., 2016). This is also supported by process data, showing that people make faster choices and inspect less information about the options in affect-rich than in affect-poor choices (Lejarraga et al., 2016; Pachur et al., 2014; Popovic et al., 2019).
Although the affect gap has been established as a robust phenomenon, it is still unclear what drives the greater reliance on a simpler, non-compensatory strategy in affect-rich choices. One possibility is that high anticipatory affect produces cognitive constraints, leading people to simplify the decision process. Affect has been observed to negatively impact cognition in a variety of ways, including reasoning, working memory, and central executive capacity (Kensinger & Corkin, 2003; Oaksford et al., 1996; Trémolière et al., 2016). Plass and Kalyuga (2019) found that affect increases cognitive load by triggering additional processing—including both task-relevant (i.e., the processing of emotion takes up space in working memory) and task-irrelevant processing (i.e., shifting attention away from relevant information). 
In light of these findings, decision makers may rely on non-compensatory decision strategies in affect-rich choices to adapt to the possibly reduced availability of cognitive resources. Importantly, in previous strategy classification analyses, a marked proportion of participants used a compensatory strategy even in affect-rich choice (e.g., up to 30% in Pachur et al., 2014). As such, one way of testing whether increased use of non-compensatory strategy in affect-rich choice is due to cognitive constraints is to introduce further constraints. The present study sought to test this possibility by examining whether adding a further constraint, time pressure, amplifies the difference in decision behavior in affect-rich choice. Time pressure is assumed to constrain decision-making by increasing stress, thereby reducing available cognitive resources (Maule & Hockey, 1993; Na, 2021; Payne et al., 1988, 1996; Rieskamp & Hoffrage, 2008; Sweller, 1994; Wickens, 1992; Wright, 1974). Comparing four types of cognitive load manipulations, Deck et al. (2021) found that time pressure produced comparable decreases in task performance as a variety of dual- task manipulations (simultaneous number memorization task, visual pattern task, and an auditory recall task). In the decision-making literature, several studies have observed that time pressure increases people’s reliance on non-compensatory strategies (e.g., Oh et al., 2016; Payne et al., 1988; Rieskamp & Hoffrage, 2008), reduces attention to probability information, and increases attention to negative outcomes (e.g., Huber & Kunz, 2007; Young et al., 2012). Given that the affect gap seems to be due to a greater reliance on a strategy that neglects probability information and focuses on outcome information (Pachur et al., 2014), time pressure might lead to a further amplification of the affect gap. Alternatively, if the use of a non-compensatory strategy in affect-rich choice is not primarily driven by increased cognitive constraints, then time pressure could either not alter the affect gap or even reduce it, exert an influence on affect-poor choices by leading to increasinged the use of a non-compensatory strategy in affect-poor choice use under time pressure and thus reduce the affect gap.[footnoteRef:1]  [1:  We are grateful to an anonymous reviewer for highlighting this possibility. ] 

In our study, we used a risky choice paradigm (adapted from Pachur & Galesic, et al., 2013, Pachur et al., 2014) that contrasts affect-rich choice (between medical lotteries) and affect-poor choice (between monetary lotteries) and included a between-subjects time pressure manipulation. In one condition, participants made their decisions without time constraints. In the other condition, participants were instructed to make a choice as fast as possible—a common procedure to induce time pressure (e.g., Glöckner & Hodges, 2011; Wu et al., 2022).[footnoteRef:2] Using a strategy classification approach, we classified participants as following a compensatory expected value (EV) strategy, which predicts that participants would choose the option with the better EV (i.e., the multiplication of a possible loss/gain with its probability of occurring) or the non-compensatory affect heuristic (Finucane et al., 2000), which predicts that participants would choose the option whose worst outcome is associated with the least bad self-reported affect rating, regardless of the outcome’s probability of occurring. We expected (i) to replicate the affect-gap, such that in the affect-rich condition there is lower decision quality, higher risk aversion, and greater more pronounced reliance on the non-compensatory affect heuristic than in the affect-poor condition; and (ii) that, to the extent that the affect gap is driven by cognitive constraints in affect-rich choices, these patterns should be more pronounced under time pressure.  [2:  We used this implementation of time pressure (rather than giving people a fixed short time limit) as it reduces the possibility that participants will make a random choice (guess) in order to fit the time limit. Additionally, this manipulation is less artificial and previous literature showed that time pressure effects on strategy selection do not differ across different implementations of time pressure (Glöckner & Hodges, 2011).] 

Method
Participants
We recruited 162 participants from a Bachelor level introductory course on Psychology, at UCLouvain, Belgium. A sample of 153 participants was included in the data analysis (75 female [78 male], average age: 19.16 years, age range: 18-34 years). The sample size was based on Popovic et al. (2019), who also adapted the risky choice paradigm to include a between-subjects factor. Nine participants were excluded from the analysis due to technical issues during the data collection (they could not complete the entire experimental session). The study was performed in line with the principles of the Declaration of Helsinki. Approval was granted by the institutional ethics review committee of the Psychological Sciences Institute of UCLouvain (IPSY; #2022-31).
Design
Our experimental paradigm consisted of three tasks: 1) a monetary evaluation task, 2) a risky choice task, and 3) an affective evaluation task. The experiment involved a 2 (time pressure: time pressure vs. no time pressure) by 2 (anticipatory affect: rich [medical] vs. poor [monetary]) mixed design. Time pressure during the risky choice task was manipulated between-subjects, and anticipatory affect was manipulated within-subjects. Participants were randomly assigned to time pressure (n = 80) and no time pressure groups (n = 73). All participants completed all three tasks, with the instructions for the risky choice task differing across time pressure groups. The experiment was programmed in PsychoPy 2021.2.3 (Peirce et al., 2019). 
Monetary evaluation task. At the onset of the study, participants were asked to imagine that they had a severe but treatable illness (see Figure 1A for an example). They were told that there are two equally effective medications to treat this illness. One of the medications always leads to a side effect lasting for about a week, while the other never leads to any side effect. For each of 12 side effects (memory loss, depression, hallucinations, speech disorder, insomnia, dizziness, itching, diarrhea, fever, trembling, flatulence, and fatigue; taken from Suter et al., 2016) they would encounter in the study, participants were asked to indicate how much money they would be willing to pay (WTP) extra for the package of medication that did not result in that side effect.
Risky choice task. Next, participants were presented with a risky choice task (see Figure 1B for an example). Both affect conditions (affect-rich vs. affect-poor; presented as separate blocks) involved 30 structurally equivalent choice problems, resulting in 60 trials overall. To ensure structural equivalence between affect-rich and affect-poor choice problems, the affect-poor choice problems were constructed by replacing the side effects in the medical lotteries (i.e., the affect-rich condition) with each participant’s indicated monetary equivalents (WTP) in the monetary evaluation task. Figure 1 shows an example of this: if a participant indicated in the monetary evaluation task that they would be willing to pay 40€ more for a packet of medication that would not result in insomnia, then the affect-rich option, in which medication A would entail a 10% probability of experiencing insomnia, would have an equivalent affect-poor option in which a person has a 10% of losing 40€. The choice problems were taken from Popovic et al. (2019) and Suter et al. (2016) and involved a wide range of probabilities, ranging from 0.3% to 100%. They were created such that the occurrence of choice problems with a dominant option (i.e., where an option’s outcome was both less aversive and less probable) would be minimized.[footnoteRef:3] The order in which the affect-rich and affect-poor conditions were presented was counterbalanced across participants. They then received an introduction to the task and worked on a practice phase where they completed five trials of each condition. The time pressure group was instructed to make give their decisions responses in the risky choice tasks as fast as possible, while the no time pressure group was instructed to take their time making the decisionschoices. In each trial of the affect-rich condition, people choose between two medications, each resulting in a side effect with a given probability. In the affect-poor condition, participants chose between two monetary loss lotteries. Between trials, there was a 1−2s jittered intertrial interval.  [3:  Nonetheless, due to the variability in the WTP amounts across participants, in our study there was a dominant option (i.e., one where one of the options is superior both in terms of outcome and probability) in 15% of trials across all participants. Sensitivity analyses excluding these trials were conducted and any differences in results are reported. Detailed information on the sensitivity analyses can be found in the Supplemental Material.] 

As we were also interested in measuring participants’ perceived stress across the experiment at baseline and after each condition of the risky choice task, participants were first asked to rate how stressed they currently felt on a scale from 1 (= not at all) to 5 (= extremely), at three time points: right before the risky choice task (baseline) and right after completing the affect-rich choice task and after the affect-poor risky choice taskbefore beginning the risky choice task. After each part of the risky choice task (i.e., affect-rich vs. affect-poor), participants provided another stress rating and could take a self-timed break. The stress ratings allowed us to explore whether the time pressure manipulation had a general effect on the perceived stress and whether there were differences in perceived stress after performing the affect-rich and affect-poor choice problems. 
Affective evaluation task. In the third and final task (see Figure 1C), participants were presented with each of the possible outcomes from the risky choice task, from both the affect-rich and the affect-poor conditions, and asked to indicate how upset they would feel if they were to experience the outcome (on a 10-point Likert scale: 1 = not at all upset, 10 = extremely upset)
[insert Figure 1]
Statistical Analyses
All analyses were implemented in R 4.2.2 (R Core Team, 2021), and mixed-effects models were implemented using the lme4 package (Bates et al., 2015). In the mixed-effects models, the predictors were tested by leaving out one predictor at a time and comparing the full and reduced models using a χ2-test. The results of these model comparisons for each predictor are reported. Tables S1, S2, and S3 in the supplementary materials cover report the descriptive statistics for all relevant variables in the analyses. Study materials, anonymized dataset, and R scripts are openly available on the Open Science Framework (OSF)in “osf” platform at: https://osf.io/r2emf/ (DOI 10.17605/OSF.IO/R2EMF).
Decision quality. As a proxy of decision quality, wWe first determined the proportion of trials in which each participant selected the option with better EV.[footnoteRef:4] This is not to say that the option with higher EV would always be perceived as the best option, but it allows us to compare choices along an established benchmark by which to determine decision quality (e.g., Pachur et al., 2017). To determine whether time pressure affected the probability of picking the option with the better EV, we ran a mixed-effects logistic regression predicting whether a person chose the option with the more favorable EV on a given trial, with time pressure, affect, and their interaction as fixed effects. Random effects included random intercepts for participants and choice problems. Additionally, because EV maximization and risk attitude can be empirically confounded, we included a binary fixed effects covariate indicating whether the option with higher EV was also the more risky option, as indexed by whether the option had the higher coefficient of variation (CV) (more details under risk attitude). Note that the differences in EV and CV across choice problems were only weakly correlated across the stimulus set (r = 0.09).  [4:  This does not imply that the decision maker necessarily perceives the option with higher EV as the most attractive option. Nevertheless, the proportion of choices of the option with the higher EV is commonly considered a proxy for decision quality (e.g., Pachur et al., 2017; Zilker et al., 2020; Zilker, 2024) and indicates how frequently the option is chosen that will lead to the higher payoff in the long run.] 

Risk attitude. We analyzed the risk attitude implied by of participants’ choices across in the affect-rich and affect-poor conditions. To this end, we calculated the CV for each lottery and determined whether participants picked the more risky option (i.e., the option with the higher coefficient of variation; Pachur et al., 2017; Weber et al., 2004). To test whether the probability of choosing the more risky option differed between affect and time pressure conditions, we used mixed-effects logistic regression. The dependent variable was binary, indicating whether a person picked the more risky option on a given trial or not. We included affect, time pressure, and their interaction as fixed effects. Furthermore, to control for potential confounds between risk attitude and EV maximization, we included as a fixed-effect covariate—specifically, a variable indicating whether the more risky option was also the one with the better EV. As random effects, we included random intercepts for participants and choice problems.
Strategy classification. Following Pachur and Galesic (2013), we used a maximum likelihood approach for strategy classification. We modeled participants’ choices using two strategies: the compensatory expected value (EV) strategy and the non-compensatory affect heuristic (Finucane et al., 2000). The choices for each affect and time pressure condition were modeled separately. We then classified participants as following the EV strategy, the affect heuristic, or other strategy/guessing (cf. Pachur & Galesic, 2013). To do so, we calculated the goodness-of-fit index G2 for each participant i and strategy k across N choice problems:
 				(Eq. 1)
A lower G2 indicates a better model fit. The probability with which a strategy predicts an individual’s choices y at lottery problem j, is represented by fj(y). If a choice matches the prediction of the strategy, then fj(y) = 1-εi,k; if the choice does not match the strategy’s prediction, then fj(y) = εi,k, where ε (which was estimated from the data) represents a given participant’s i strategy application error (0 ≤ ε ≤ .5) for strategy k across all choice problems. Participants were then classified as following the strategy with the best goodness of fit. If for a participant the G2 of the best strategy was not better than the value of G2 under random choice (i.e., assuming ,fj(y) = .5) the participant was classified as guessing (or using another strategy). As a measure of classification confidence, we calculated the Bayes Factor (BF) based on the differences of the Bayesian Information Criterion (BIC) of the best and second-best performing strategy (Eq. 2):
  				(Eq. 2)
The BIC for best and second-best performing strategy was calculated from G2 as follows: BIC = G2 + 1*log(ntrials). We report the median (across participants) BF for each condition.
Affect ratings. Participants provided a rating of negative affect for each of the possible outcomes of the risky choice task. To examine whether there was a difference in affective ratings between the side effects and the corresponding monetary losses, we used a mixed-effects linear regression with type of outcome (side effect vs. monetary loss) as a fixed effect and random effects (random intercepts) for participants and stimuli.
Response times. To check the effectiveness of the time pressure manipulation, we compared response times across time pressure conditions. Response times that were 3 SD from the mean were considered outliers and excluded. We also excluded response times under 100ms, as this constitutes the assumed minimum perceptual threshold to give an answera response (Whelan, 2008). This resulted in the exclusion of 1.77% of trials across all participants. For the statistical analyses, response times were log-transformed and analyzed with linear mixed-effects model with affect condition, time pressure, and their interaction as fixed effects, and random effects with random intercepts for participants. 
Results
	Response times of participants’ choices were considerably faster in the time pressure (Mdn = 2.97 seconds, IQR = 2.4) than in the no time pressure (Mdn = 4.76 seconds, IQR = 4.67) conditions. This was corroborated statistically by a main effect of time pressure on the log-transformed response times (χ2 = 64.08, p < 0.001), suggesting that the time pressure manipulation was successful. Additionally, there was an interaction between affect and time pressure (χ2 = 33.58, p < 0.001). Specifically, as can be seen in Figure 3, in the condition without time pressure, response times were faster for the affect-rich choices than for the affect-poor choices, whereas in the condition with time pressure, response times for the affect-poor and affect-rich choices did not differ. Sensitivity analyses showed that these patterns were robust when including the outliers.
	Responses on the stress item were analyzed using an ANOVA and pairwise comparisons between conditions with Bonferroni correction for multiple comparisons. There was a significant interaction between time pressure and affect condition, (F(1.78, 268.9) = 6.49, p = 0.003). Figure S1 in the supplementary materials demonstrates suggests that the interaction seems to be is driven by a reduction in stress from baseline to the risky choice task in the condition without no time pressure condition (baseline: M = 2.16, SD = 1.12, affect-poor: M = 1.85, SD = 0.98, affect-rich; M = 1.88, SD = 1.01), whereas there was no such reduction in stress in the time pressure condition (baseline: M = 1.98, SD = 0.98, affect-poor: M = 2.00, SD =0.99, affect-rich: M = 2.05, SD = 1.03). Importantly, however, post-hoc tests correcting for multiple comparisons did not indicate that for at any of the three stress measurement points (baseline, after affect rich choice task, after affect-poor choice task) there were significant differences between the conditions. Note, however, that the stress ratings were collected either before or between rather than during the risky choice tasks, so they do not necessarily reflect the level of stress experienced when participants made their choices.
[insert Figure 3]
Affective Evaluation Task
As shown in Figure 2, the affect ratings were higher for the side effects than for the monetary losses, (χ2 = 547.11, p < 0.001). This confirms that the medical outcomes were relatively more affect-rich than the monetary outcomes. 
[insert Figure 2]

Monetary Evaluation Task
The monetary equivalents of the side effects ranged between 0−2000€ (Mdn = 15€, M = 25.11€). The medians and the lower and upper quantiles of the monetary equivalents for each side effect are reported displayed in Figure S2 in the supplementary materials. 
Risky Choice Task 
	Decision quality. Controlling for risk aversion, pParticipants chose the option with the higher EV more often in the affect-poor (No time pressure: M = 82.381.1%, SED = 9.212.9%; Time pressure: M = 80.479.1%, SED = 8.814.6%) than the affect-rich condition (No time pressure: M = 64.43.7%, SED = 8.612.7%; Time pressure: M = 665.12%, SED = 8.413.7%). As shown in Figure 4A, however, there was a significant interaction between affect and time pressure on this proxy measure of decision quality, (χ2(1)  = 4.13, p < 0.05). The affect gap was attenuated in the time pressure condition (vs. no time pressure), as evidenced by an increased probability of choosing the option with the better EV in the affect-rich condition, but a decreased probability in the affect-poor condition. However, in analyses in which the trials in which there was a dominant choice option were excluded, the interaction was no longer significant; instead, there wais only a main effect of affect, whereby participants chose the option with better EV more often in affect-poor than in affect-rich choices (please refer to Ttable S4 and S5 in the supplementary materials for result comparisons of sensitivity analyses). 
	Risk attitude. Controlling for decision quality across affect conditions (specifically whether the more risky option was also the option with the better EV), there was a significant interaction between time pressure and affect on predicting the probability of choosing the more risky option,, (χ2(1)  = 10.58, p < 0.001). Specifically, as shown in Figure 4B, the difference between the affect-rich and affect-poor conditions in risk aversion was somewhat reduced in the time pressure condition relative to the no time pressure condition without time pressure. Rather than increasing the affect gap, time pressure thus seemed to reduce the affect gap slightly. 
[insert Figure 4]
Strategy classification. Figure 5 shows the proportion of participants classified as using the EV strategy or the affect heuristic, or as guessing (or using another strategy). As can be seen, whereas for the affect-poor choices the majority of participants were classified as using the EV strategy (i.e., time pressure: 81.25%; no time pressure: 89.04%), for the affect-rich choices the majority of participants were classified as using the affect heuristic (i.e., time pressure: 61.25%; no time pressure: 61.64%), replicating previous findings (e.g., Pachur & Galesic, 2013; Popovic et al., 2019). This affect gap in strategy use selection was corroborated by a three-way log-linear analysis conducted with JASP (JASP Team, 2024), using time pressure, affect, and strategy as factors. The final model retained affect and strategy, whose interaction was significant (ß = 0.511, p < 0.001). Most importantly, note that the differences in strategy selection between the affect-rich and the affect-poor conditions were unnot affected by the time pressure manipulation. Time pressure thus did not affect alter the affect gap in terms of strategy selection. Table 1 highlights reports the median Bayesian Information Criterion (BIC) and median Bayes’ Factor (BF) for each condition, supporting the conclusions from the log log-linear analysis.
A mixed ANOVA showed that the estimated strategy application error () for the best-fitting strategy was higher in the affect-rich (Mdn = 0.233 [IQR = 0.13]) than in the affect-poor condition (Mdn = 0.167 [IQR = 0.133]; F(1, 140) = 50.818, p < 0.001), but that there was no difference across between time pressure conditions (F(1, 140) = 0.567, p = 0.453). Only very few participants were classified as guessing (affect-poor: n = 7 [4.57%], affect-rich: n = 4 [2.61%]).
[insert Table 1]
[insert Figure 2]
[insert Figure 3]
[insert Figure 4]
[insert Figure 5]
Discussion 
The affect gap refers to differences in decision behavior between affect-rich and affect-poor choices. Specifically, relative to affect-poor choices, in affect-rich choices, participants maximize EV less and show higher risk aversion; the affect gap seems to reflect a switch to greater reliance on a simpler heuristic decision-making strategy that neglects probability information for affect-rich choices (Lejarraga et al., 2016; Pachur et al., 2014; Pachur & Galesic, 2013; Popovic et al., 2019; Suter et al., 2016). In this article, wWe examined a possible explanation for the affectis gap, according to which high anticipatory affect may constrain cognitive resources available to the decision maker. To test this possibility, we collected affect-rich and affect-poor choices both with and without time pressure. We predicted that , if the affect gap reflects a response to added cognitive constraints in affect-rich choices, the aforementioned differences in decision behavior under affect-rich choice would be increased under time pressure. Our results replicated the affect gap and showed that participants showed less EV maximization and were more risk risk-averse in the affect-rich than in the affect-poor condition; we also found them to be more likely to select the non-compensatory affect heuristic in the former than in the latter. Importantly, however, cContrary to our cognitive constraint hypothesis, the difference between the affect-rich and affect-poor conditions in the proportion of participants classified as using the non-compensatory affect heuristic was not impacted by time pressure. Although under time pressure, participants responded equally fast for affect-rich and affect-poor choices, the affect gap emerged similarly. This suggests that the affect gap is not driven by a reduction in available cognitive resources in affect-rich choice.
What else could be driving the affect gap, if not cognitive constraints? One possibility is that the gap reflects a motivational shift in strategy selection that results from people aiming more strongly to minimize “regret” in the affect-rich than in the affect-poor choices. High anticipatory affect may lead participants to prioritize avoiding regret over increasing the objective chance of not experiencing a side effect. Regret minimization could also help explain the seemingly deliberate avoidance of probability information (cf. Fuławka et al., 2024), evidenced by the increased use of the non-compensatory affect heuristic in the affect-rich choices. Anxiety and the avoidance minimization of disappointment and regret have all been linked to avoidance of potentially useful information (see Golman et al., 2017). Alternatively, as affective information tends to be salient to decision makers, the difference in decision behavior between affect-rich and affect-poor choice may simply reflect the attention drawn by the affect-rich outcome, at the expense of attention paid to the probability information. Needless to say, these considerations are speculative and post-hoc and should be investigated more specifically in future research.
In contrast to previous results on the effects of time pressure on affect-poor choices (i.e., monetary lotteries; Oh et al., 2016; Payne et al., 1988; Rieskamp & Hoffrage, 2008), we did not find a difference in strategy selection across between time pressure conditions for the affect-poor choices. This could be due to the type of time pressure manipulation we used, which consisted of a self-paced approach instructing participants to decide as fast as they canould. This procedure might have allowed participants to adaptively respond to time pressure, such as through an acceleration of information processing (e.g., Maule & Hockey, 1993). Such an adaptation may also explain why the time pressure group did not report feeling more stressed than the no time pressure group, despite their response times in the risky choice task being substantially shorter. Time pressure has also been shown to impact decision behavior differently on simple decision problems tasks (such as the binary choices we used) and versus complex decision taskss differently, in that rather complex  complicate decision processes can be maintained under time stress if the choice task is relatively simple (Zakay, 1993). We employed the current implementation of time pressure because under stricter time pressure manipulations, individuals might simply become more error-prone (Olschewski & Rieskamp, 2021). 
Interestingly, time pressure had an impact on the affect gap in terms of EV maximization and risk aversion; however, , but rather than amplify differences in decision behavior under affect affect-rich choice, time pressure decreased the affect gap (somewhat). With regard to risk aversion, this was due to a slightly lowerdecreased degree of risk aversion under time pressure (vs. no time pressure) in the affect-rich condition. With regard to EV maximization, there was a slight increase in EV maximization for affect-rich choice under time pressure (vs. no time pressure), and a decrease for affect-poor choice. One possible explanation for this finding is that in at least some trials in the affect-rich condition, participants might have responded to the time pressure by comparing the options on the (numerical) probabilities rather than the (nonnumerical) outcomes, choosing the option with the less likely side effect. Similarly, in the affect-poor condition, participants may have responded to the time pressure by focusing on some trials on outcome over probability information. Importantly, however, the interaction effect for EV maximization did not hold when analyses were repeated while excluding choices which trials that contained a dominant option, whereas the finding that participants were less likely to choose the option with better EV in affect-rich compared to affect-poor choices, regardless of time pressure, was maintained.
Our results have implications for considerations of how to overcome the affect gap, that is, to reduce the neglect of ignoring probability information to make a decision (cf. Fuławka et al., 2024). Recall that to make the best choice when choosing between medical treatments, it is crucial to also take into account the probability of different possible outcomes. How can we ensure that people also attend to the probabilities of affect-rich outcomes and thus reduce the affect gap? Our results indicate that simply giving people ample time to decide is not effective in reducing the affect gap. Expanding on regret minimization as one of the alternative explanations we have discussed, previous literature on regulatory focus (Higgins, 1998) suggests that prevention-focused individuals are more likely to engage in regret minimization, while promotion-focused individuals are more likely to engage in utility maximization (Lim & Hahn, 2020). Interventions that encourage a promotion focus—for instance, by reframing choices in a way that increases the salience of promotion-focused regret (i.e., regret centered on missing out on a positive outcome, such as a high chance of not experiencing any loss) (Leder et al., 2013) —may help to reduce the affect gap. 
A limitation of our study is that we only considered choice problems with negative outcomes. It therefore remains to be investigated how anticipatory affect and time pressure might interact infor choice problems with positive outcomes. In addition, we used participants’ self-reported WTP amounts as proxies for of the side effects to calculate the expected value in the affect-rich condition. Since these monetary equivalents are noisy and contain a degree of uncertainty and because the  EV may be a distant latent signal in the medical choices, results the differences between affect-rich and affect-poor choices may also be attributable to format effects. While we cannot fully exclude this possibility, it is important to note that previous research has shown that the WTP provided by participants are reliable over time (Pachur & Galesic, 2013) and that the same effects occur affect gap also emerges when in the affect-rich task the side effects are presented alongside their WTPs, thus facilitating numerical computations (Suter et al., 2016). Finally, we used EV maximization as a proxy of decision quality, which might be debatable given that decision makers are usually not risk neutral. Nevertheless, EV maximization reflects the degree to which the decision maker chooses the option with the highest returns in the long run, and therefore reflects an important property of choice behavior.
Conclusion
In conclusion, the findings of the current study suggest that the affect gap is not driven by increased cognitive constraints under affect-rich choice. In fact, with regards to decision quality and risk attitude under time pressure the affect gap seemed to be slightly reduced under time pressure, rather than amplified, with regards to decision quality and risk attitude. Instead of a reduction in cognitive resources, the selection of a non-compensatory strategy for affect-rich choices that ignores probability information may be driven by motivational factors, such as the  explicit goal to minimize regret.
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Figure and Table Legends

Figure 1. Graphical illustration of the different tasks presented to participants. 
In panel A participants are first asked to provide their willingness-to-pay (WTP) to avoid each side effect, which provides the monetary equivalents for the monetary lotteries in the risky choice task. In panel B we see an example of a choice problem in the affect-rich (medical) and affect-poor (monetary) condition. In Panel C. we see how people had to give an affect rating for each outcome encountered in the risky choice task.

Table 1. Median Bayesian Information Criterion (BIC) and Bayes’ Factor (BF) for decision strategies across conditions.
While lower BIC values indicate better model performance, a greater value for the Bayes’ Factor represents greater classification confidence. Values between 3-10 are generally considered to provide moderate evidence, 10-30 strong evidence, 30-100 very strong evidence, and anything above 100 as extreme evidence (Lee & Wagenmakers, 2013). 

Figure 2. Affective evaluation of the side effects and their monetary equivalents. 
Shown are the mean affect ratings of each side effect and its monetary equivalent with error bars representing the 95% confidence intervals about the mean.

Figure 3. Median response times. 
Error bars represent the bootstrapped 95% confidence interval about the median.

Figure 4. Decision quality and risk attitude across conditions.
Panel A shows the probability that participants chose the option with the better EV across conditions (decision quality); Panel B shows the probability with which participants chose the more risky option across conditions (risk attitude). Error bars represent the 95% confidence interval.

Figure 5. Classification of strategy use across conditions.
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