Experiment 1 
Hypotheses
H1: We do not find differences in the mean and distributions of choices that reveal risk preferences, i.e., risk, prudence, and temperance, between subjects who start with the same endowments ($20, $60, or $100) coming from the control (Deterministic) treatments and the shock treatments (Negative Shock and Positive Shock). 
It is important to notice that theory is silent in two directions. First, regarding the relationship between risk aversion, prudence, and temperance, Crainich et al. (2013) show that many combinations are feasible. Thus, we could elicit $20, $60, or $100 among those who start with the same endowment as a function of individual experimental wealth and not of how this wealth has been generated. 
H1As:  Given a level endowment, there are no statistically significant differences in the mean of the proportion of the participant’s endowment invested in a risky asset and the mean and distribution of the number of risk-averse, prudent, and temperate choices choices and preferences between:
· Deterministic-$20 with Negative Shock-$20  
· Deterministic-$60 with Positive Shock-$60 
· Deterministic-$60 with Negative Shock-$60  
· Deterministic-$100 with Positive Shock-$100
H1A_bs: Differences in choices and preferences between losers (Negative Shock-$20) and relative winners (Positive Shock-$60),  losers (Negative Shock-$20) and relative losers (Negative Shock-$60), or losers (Negative Shock-$20) and winners (Positive Shock-$100) are not significantly different from the thosedifferences observed between participants in the corresponding deterministic treatments, i.e., Deterministic-$20 vs. Deterministic-$60, and Deterministic-$20 vs. Deterministic-$100. In other words, the behavioral effects of experiencing gains or losses through shocks are not different from those arising from deterministic differences in endowment. 
HN1: The origin of the endowment affects the distributions of preferences. 
If we reject H1 via finding support for the alternative hypothesis, first, we must wonder how the effects of the losers and winners are affected when added to the comparison. To do so, we can test the auxiliary following hypotheseis. 
H2: There are no significant differences in the mean of the proportion of the participant’s endowment invested in a risky asset and the mean and distribution of the number of risk-averse, prudent, and temperate choices in choices and preferences between relative losers (Negative Shock-$60) and non-affected (Deterministic-$60), or losers (Negative Shock-$20) and relative winners (Positive Shock-$60). 
Notice that, according to Crainich et al. (2013), there is a relationship between the types of choices that our subjects reveal. Thus, we should not expect to observe the 9 possible profiles of subjects that emerge from all the potential combinations of subject types (risk averse, neutral, risk lover), with (prudent averse, prudent neutral, imprudent) and (temperate, temperate neutral, and intemperate. Crainich et al. 2013 suggest that a subject’s preference for combining good with good or bad leads to three possible combinations of risk attitudes, which are listed in the table below. 
Table 1. Possible combination of risk attitudes tested in our study
	Preference for combining “good” with “good” 
	Risk loving
	Prudent  
	Intemperate

	Preference for combining “good with bad” 
	Risk-averse
	Prudent 
	Temperate

	Indifferent 
	Risk neutral
	Prudence neutral
	Temperance neutral 


 
Therefore, instead of nine possible individual profiles generated by combining risk averse, risk neutral, and risk lovers with prudent, prudent neutral, imprudent, temperate, temperate neutral, and intemperate, the authors will state that three profiles are more likely to be found. We use our experimental data to test their hypothesis.
H3: The distribution of subject types reveals that the above-referenced three profiles highlighted by Crainich et al. 2013 are more likely to be observed in our sample.
Finally, we test the robustness of our results regarding H1 by testing the following hypotheses. 
H4: We do not find differences in the distributions of subject types between those participants assigned to deterministic and shock treatments. 
If we reject H4, first, we must wonder how the effects of the losers and winners affected the subject’s types. Despite not having a clear, unanimous implication from alternative theories to the EU, such as prospect theory, other behavioral theories will argue that if subjects use the $60 expected endowment as a reference point, winners and losers will act differently in our experimental task. How different, we do not know. We explore individual choices with H1A, but here, we will explore how these differences could be added to the comparison. To do so, we can test the auxiliary following hypothesis.
H4A: There are no significant differences in the distribution of subject types between losers (Negative Shock-$20), relative losers (Negative Shock-$60), relative winners (Positive Shock-$60), and winners (Positive Shock-$100) and their comparable subjects in Deterministic-$20, Deterministic-$60, and Deterministic-$100. In other words, experiencing gains or losses through shocks does not significantly alter the likelihood of belonging to a particular subject type compared to receiving the same final endowment in a deterministic way. 
H5: We do not find differences in the moments and distributions of Decision Times (DT) between those participants assigned to deterministic and shock treatments. 
If we reject H5, first, we argue that the cognitive effects of being a loser and a winner by chance and modifying the experimental endowment that the subject experiences do not significantly affect his/her emotion and status.   
We registered three additional variables forThree additional variables have been registered for further analyses. These variables used to analyze either heterogeneous effects or whether endowment shocks affect our subjects' decision processes. We record decision times and overinvestment attempts. These variables are:
Correct Quiz Answer in the first attempt (QA1), we will perform robustness checks either by aggregating this subject characteristic as a control variable or by decomposing the analysis between two groups of subjects.
Decision Response Ttime (RDT): We will perform robustness checks either by aggregating this subject characteristic as a continuous control variable or as a dummy for those who took significantly longer (shorter) decision periods. 
Notice that if Decision Time is significantly affected by our treatment dimension (i.e., the endowment shocks), then an analysis of decision time as an outcome variable is properly due.
Finally, we will register the RT for subjects’s who invest above and below their endowment. This variable could also be argued to be an intrinsic characteristic of the subject. Thus, to be plausible as a control variable for our analysis, or if it could be affected by our treatment dimension (i.e., the endowment shocks), an analysis of decision time as an outcome variable is properly due.
H6: We find no change in risk preferences (investment, number of risk-averse, prudent, and temperate choices) after the shock	Comment by Samy Cevallos: Should we add another hypothesis to estimate the shock effects across treatment arms; that is, comparing the mean change ( in one treatment arm to the mean change in another? 










Statistical Analysis 
Descriptive and Balance Checks 
Standardized differences
We will report standardized differences to check the balance of the sample across treatments in terms of the observable characteristics. We will employ Cochran and Rubin's (1973) rule of thumb that states the standardized difference should be less than 0.25 for the sample to be balanced across treatments. We will include gender, age, income, marital status, education, and ethnicity to check for balance. 
Demographics Regression
We will analyze the influence of demographic characteristics on risk aversion, prudence, and temperance indices. Consistent with previous literature on risk aversion and high-order risk attitudes, we will examine factors such as gender, age, marital status, number of children, income level, and higher education to explain variations in our results (Brunette & Jacob, 2019; Noussair et al., 2014). Noussair et al. (2014) also employed OLS estimates and ordered probit models with z-statistics to analyze their data. Given the ordinal nature of our dependent variables (ranging from 0 to 5, representing the number of safe, prudent, and temperate choices), we will follow Brunette and Jacob 2019's  methodology and specify an ordered logit model using the following regression equation for each individual’s risk preferences: 

Here,  represents the strength of the i-th individual’s preference feature under study (risk aversion, prudence, or temperance), measured as the number of safe, prudent, and temperate choices made, ranging from 0 to 5. Xi corresponds to the vectors of explanatory variables, which include the individual’s socio-demographic characteristics. We will report clustered standard deviations errors at the individual level. 

Where  is the number of safe/prudent/temperate choices, and  are covariates (socio-demographic characteristics)
Cluster Analysis 
We will implement a cluster analysis to empirically test whether the expected profiles shown in Table 1 the table above appear in our data.  data results. We will use risk attitudes, prudence, and temperance scores as our input variables to classify participants into risk profiles. 
We can use k-means on choice scores (0-5) for the task of Noussair et al. (2014)  {Citation}to characterize risk profiles. However, if we use the will be using the other risk aversion tasks, we would have to standardize the outcomes to construct the risk profiles. 
Non-Parametric Tests 
Kolmoomogorov-Smirnov (K-S test): We will use the Kolmogorov-Smirnov test to compare the overall distribution of risk aversion, prudence, and temperance scores across different treatment groups. 
Fligner-Policello test: We will use a non-parametric Fligner-Policello test to compare risk aversion scores, prudence, and temperance and to determine the statistical significance of the differences between treatments (e.g., Deterministic-$20 vs. Negative Shock-$20 (losers)). This test is more robust than the Mann-Whitney U test when variances between the two groups to be compared may differ. 
 We will use for the task of Noussair et al. (2014)	Comment by Samy Cevallos: The current experiment in oTree only have Noussair et al.'s task just once (after the shock is implemented). 

Chi-Square Tests
A Chi-Square Test of Independence will determine whether a risk attitude (risk-averse or risk-loving) is significantly associated with prudence and temperance. This test would allow us to evaluate whether the expected profiles above will likely emerge in our data. 
Robustness Checks 
A permutation test can be used to compare the means, medians, or distributions of groups since it is well-suited for the ordinal nature of our data. In addition, it does not rely on assumptions of normality or homogeneity of variance. 
Multiple Hypothesis Testing (List MHP) 
We will conduct multiple hypothesis testing for our primary hypothesis. Since we will perform numerous pairwise comparisons (e.g., Deterministic-$20 vs. Negative Shock-$20) for each outcome (risk aversion, prudence, and temperance), we will implement the Romano-Wolf Stepdown Procedure as outlined in List et al. (2019). Adhering to the procedure, we will compute the test statistics, which can be obtained either from the non-parametric test (Fligner-Policello) or the ordered logit regression. Subsequently, we will employ bootstrap resampling to simulate the joint distribution of the test statistics under the null hypothesis. For each bootstrap sample, we will calculate all test statistics and determine their maximum value. Finally, we will compare the actual test statistics to this empirical distribution to obtain adjusted p-values. 









Experiment 2 
H6: We do not find a statistically significant change in participants’ risk preferences before and after the shock within the same treatment arm. 
H7: We do not find statistically significant differences between the control arm (Deterministic-$60) and each shock treatment arm (Positive Shock-$60, Negative Shock-$60, Positive Shock-$100, and Negative Shock-$20) in:
· H7a) The mean change in the proportion of the $60 endowment invested in the risky asset (ΔY).
· H7b) The mean and the distribution of the number of risk-averse, prudent, and temperate choices in the Noussair et al. task. 
The continuous outcome ΔY is measured within-subjects (pre- and post-shock) in the investment game. The (Noussair et al. , (2014)’s task outcomes are measured only once, post-shock, and are compared cross-sectionally between arms. The primary comparisons are:  
· Deterministic-$60 vs. Positive Shock-$60 and
· Deterministic-$60 vs. Negative Shock-$60 
Additional comparisons include: 
· Deterministic-$60 vs. Positive Shock-$100 and
· Deterministic-$60 vs. Negative Shock-$20 
Statistical Analysis – Experiment 2 
H6: Within-Subjects Change in Investment Proportion
We will compare the mean change in the proportion of the participant’s actual endowment invested in the risky asset before and after the shock, separately for each treatment arm. The endowment before the shock is $60 for all participants; after the shock, the endowment may be $20, $60, or $100 depending on the assigned treatment.
For each participant i and outcome Y, we will compute the individual change as:

Where  and  are the respective pre-and post-shock measures, coded so that higher values indicate more of the corresponding attitude. Larger  indicates an increase in that attitude after the intervention.  
Non-parametric test: we will use the Wilcoxon signed-rank test to determine whether the median change is significantly different from zero within each treatment arm. 


Hypothesis 7 
H7a: Continuous Outcome (ΔY) – Between-Subjects Comparison Across Treatments
We will compare the mean change in the proportion of the participant’s actual endowment invested in the risky asset before and after the shock, between the control arm and each shock treatment arm (Positive Shock-$60, Negative Shock-$60, Positive Shock-$100, Negative Shock-$20). 
We will use the Fligner–Policello test to compare mean differences (ΔY) between Deterministic-$60 and each shock arm. We will also use the Mann-Whitney U test as robustness check. 
In addition, we will estimate the following equation: 

Where  is the individual-level change in the proportion of the endowment from pre- to post-shock invested in the risky asset, and  is a categorical variable for treatment assignment. The Deterministic-$60 arm serves as the baseline category. The coefficient ​ measures the mean difference in change from pre- to post-shock relative to the baseline arm for each shock treatment.  is a vector of explanatory variables such as individual’s socio-demographic characteristics.
H7b: Ordinal Noussair et al. (2014) Task Outcomes – Between-Subjects Comparison
We will compare the mean and distribution of number of risk-averse, prudent, and temperate choices between the control arm and each shock treatment arm, like Experiment 1. These outcomes are ordinal counts measured once (post-shock). For the data analysis, we will use: 
· Fligner-Policello and Mann-Whitney U tests to test for mean differences in each count outcome between Deterministic-$60 and each shock arm. 
· Kolmogorov-Smirnov to test for distributional differences for each count outcome between the control (Deterministic-$60) and each shock arm. 
We will also estimate the following ordered logit model for each outcome with treatment dummies: 

Where  represents the number of risk averse, prudent, and temperate choices,   is a treatment assignment variable with the Deterministic-$60 group as the baseline. 
For all regression models, we will estimate two specifications—one without and one with socio-demographic covariates,  – and report robust standard errors. 
As a secondary analysis, we will compare the distribution of choices in the (Eckel & Grossman, (2008)’s (Eckel et al., 2009task between experiment 1 (between-subjects design) and experiment 2 (within-subjects design). )
Robustness Checks 
A permutation test can be used to compare the means, medians, or distributions of groups since it is well-suited for the ordinal nature of our data. In addition, it does not rely on assumptions of normality or homogeneity of variance. 
We will repeat all primary and secondary analysis on the subset classified as risk-averse at baseline, using the same pre-specified cutoffs as in the between-subjects design. In the between-subjects design, we used Eckel and Grossman’s (2008) task to classify participants as risk-averse or risk-seeking.



Experiment 3: Physiological Responses 
For only individuals in the Negative Shock-$20 and Positive Shock-$100 treatment arm conditions, we will run an experiment that mirrors the same structure of the follow-up study, where participants are initially endowed with $60 in period 1 and face an economic shock to their endowment in period 2. We will measure physiological responses using an eye-tracking device and a Galvanic Skin Response (GSR) sensor throughout the experiment.
Primary outcomes: 
Mean Galvanic Skin Response (GSR) conductance: The main outcome is mean GSR conductance around the realization of the shock. Because the shock event is relatively short, we expect at most one clear GSR peak. We will compute mean GSR conductance within a pre-shock window and within a post-shock window for each treatment arm and compare these mean trajectories between the Negative Shock-$20 and Positive Shock-$100 groups.
Secondary outcomes: Number of blinks, Heart rate variability (HRV), GSR peaks/minute in the rounds before and after the shock. 
· Number of blinks: Using the eye-tracking data, we will record the number of blinks per minute and construct a measure of the change in blink rate around the shock. We will compare this measure between the two treatment arms.
· Heart rate variability (HRV): HRV will be used as an indicator of negative stress. Using the Interbeat Interval (IBI) measure recorded with the GSR sensor, we will calculate HRV as the standard deviation of the IBI series in a pre- and post-shock window. We will then compare this shock-related HRV measure between these two treatment arms. 
· GSR peaks per minute: We will compute the number of GSR peaks per minute in a pre- and post-shock window and compute the change in peak rate associated with the shock. This measure will also be compared between the Negative Shock-$20 and Positive Shock-$100 arms.
Hypothesis 8): For all physiological outcomes (mean GSR conductance, blink rate, HRV, and GSR peaks per minute), the shock-related change in physiological responses does not differ between the Negative Shock-$20 and Positive Shock-$100 treatment arms. 
Statistical Test
For each outcome, we will summarize the shock-related response using pre-specified pre-shock and post-shock windows and then compare the mean response between the two treatment arms using a two-sample t-test at a 5% significance level.
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