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Minimal Frames and Transparent Frames for Risk, Time, and Uncertainty: Supplementary Materials 

Jonathan W. Leland, Mark Schneider and Nathaniel T. Wilcox 

 

SM1. Statistical Modeling and Estimation Details Behind Section 5.3 and Figure 11 

 

Notation for Design, Pairs, Subjects and Choices 

 We have 100 lottery pairs {𝑅𝑗 , 𝑆𝑗}, 𝑗 ∈ {1,2, … ,100}. In the 94 pairs 𝑗 ∈ {1,2, … ,94}, the lotteries are 

probability distributions 𝑅𝑗 = (𝑟𝑗
𝑙, 𝑟𝑗

𝑚, 𝑟𝑗
ℎ) and 𝑆𝑗 = (𝑠𝑗

𝑙, 𝑠𝑗
𝑚, 𝑠𝑗

ℎ) on a shared three-outcome vector 𝒪𝑗 =

(𝑙𝑗, 𝑚𝑗 , ℎ𝑗) specific to each pair 𝑗, where $0 ≤ 𝑙𝑗 < 𝑚𝑗 < ℎ𝑗 ≤ $60: In those pairs 𝑅𝑗 is risky relative to the safe 

𝑆𝑗 in the sense that 𝑅𝑗 has more mass on the two extreme outcomes and less mass on the middle outcome 

(𝑟𝑗
𝑙 > 𝑠𝑗

𝑙 and 𝑟𝑗
ℎ > 𝑠𝑗

ℎ, but  𝑟𝑗
𝑚 < 𝑠𝑗

𝑚). In the 6 pairs 𝑗 ∈ {95,96, … ,100}, the lotteries are probability 

distributions 𝑅𝑗 = (𝑟𝑗
0, 𝑟𝑗

𝑙, 𝑟𝑗
𝑚, 𝑟𝑗

ℎ) and 𝑆𝑗 = (𝑠𝑗
0, 𝑠𝑗

𝑙 , 𝑠𝑗
𝑚, 𝑠𝑗

ℎ) on a shared four-outcome vector 𝒪𝑗 = (0, 𝑙𝑗 , 𝑚𝑗 , ℎ𝑗) 

specific to each pair 𝑗, where $0 < 𝑙𝑗 < 𝑚𝑗 < ℎ𝑗 ≤ $40: In those pairs 𝑅𝑗 stochastically dominates 𝑆𝑗. We let 

𝑐𝑗
𝑠 = 1 if subject  𝑠 ∈ {1,2, … ,137} chose 𝑅𝑗 from pair 𝑗 (with 𝑐𝑗

𝑠 = 0 if she chose 𝑆𝑗). The design information 

(explanatory variables) for each 𝑐𝑗
𝑠 is a vector 𝑋𝑗 composed of 𝑅𝑗, 𝑆𝑗, 𝒪𝑗  and the frame ⟦𝐫𝑗, 𝐬𝑗⟧ of pair 𝑗; and 

𝑋 = (𝑋1, 𝑋2, … , 𝑋100) is all of this design information. As mentioned in the text, we let 𝒥 denote either of two 

mutually exclusive and exhaustive subsets of our 100 pairs 𝑗: 𝒯 (all pairs 𝑗 transparently framed, 30 pairs in all) 

and its complement 𝒩 (all pairs 𝑗 not transparently framed—70 pairs in all). We also let 𝑐𝒥
𝑠 denote the vectors 

of all observations in each subset 𝒥 ∈ {𝒯, 𝒩}. 

 

Parameters of the SWUP and RDU Models 

 As mentioned in the text, we let ℳ denote either of two models 𝒮 (for SWUP) and ℛ (for RDU/CPT). 

Each pair 𝑗 ∈ {1,2, … ,100} has three or four possible outcomes 0 ≤ 𝑙𝑗 < 𝑚𝑗 < ℎ𝑗 within it, and our utility or 

value function for those outcomes is 𝑢(𝑧|𝜅ℳ
𝑠 ) = (1 − 𝜅ℳ

𝑠 )−1[−1 + (1 + 𝑧)(1−𝜅ℳ
𝑠 )] for all 𝑧 ≥ 0:

1
 This utility 

function is defined (and identically zero) at 𝑧 = 0 for all real 𝜅ℳ
𝑠 . We subscript the utility curvature parameter 

(and other parameters, as appropriate) by ℳ to emphasize that it can depend on the model estimated. The 

parameter 𝜆ℳ
𝑠  is an inverse standard deviation of decision noise, frequently called precision or sensitivity in 

literature on probabilistic choice models. The RDU model additionally has a weighting function and we use a 

two-parameter (𝛼𝑠 and 𝛽𝑠) form due to Prelec (1998) for this weighting function.
2
 The SWUP model 

                                                           
1
 This is one of the HARA (hyperbolic absolute risk aversion) utility functions: For 𝜌 > 0, this one exhibits declining absolute risk 

aversion but increasing relative risk aversion. 
2 This is 𝑤(𝐺) = exp (−𝛽[−ln(𝐺)]𝛼), where 𝐺 is the decumulative distribution function of a lottery. 
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additionally has salience functions but, as discussed in the text, we use the parameter-free DAS-IPS salience 

function in (11) for SWUP models (adding no parameters). We let 𝜃ℛ
𝑠 = (𝜅ℛ

𝑠 , 𝛼𝑠, 𝛽𝑠, 𝜆ℛ
𝑠 ) and 𝜃𝒮

𝑠 = (𝜅𝒮
𝑠 , 𝜆𝒮

𝑠 ) 

denote parameter vectors for subject 𝑠 under the RDU and SWUP models, respectively. 

 

Choice Probabilities and Likelihood Functions 

 Let 𝑃ℳ(𝑋𝑗, 𝜃ℳ
𝑠 ) denote a risky choice probability: This is the probability (under model ℳ) that subject 𝑠 

with parameters 𝜃ℳ
𝑠  chooses 𝑅𝑗 from pair j (the probability that 𝑐𝑗

𝑠 = 1 under model ℳ). The associated 

likelihood of observation 𝑐𝑗
𝑠 (under model ℳ) is then: 

 

(SM1.1)  𝐿ℳ(𝑐𝑗
𝑠|𝑋𝑗, 𝜃ℳ

𝑠 ) =  1(𝑐𝑗
𝑠 = 1)𝑃𝜏(𝑋𝑗, 𝜃ℳ

𝑠 ) + 1(𝑐𝑗
𝑠 = 0)[1 − 𝑃𝜏(𝑋𝑗, 𝜃ℳ

𝑠 )]. 

 

Multiplying these together across subject 𝑠’s 70 choices 𝑗 ∈ 𝒩, we get the likelihood (under model ℳ) of 

subject 𝑠’s choice vector 𝑐𝒩
𝑠  in pairs that are not transparently framed: 

 

(SM1.2)  𝐿ℳ(𝑐𝒩
𝑠 |𝑋𝑗, 𝜃ℳ

𝑠 ) =  ∏ 𝐿ℳ(𝑐𝑗
𝑠|𝑋𝑗, 𝜃ℳ

𝑠 )𝑗∈𝒩 . 

 

Let 𝜃ℳ,𝒩
𝑠  maximize the likelihood in (SM1.2): These are “in-sample” (a.k.a. training or calibration) estimates. 

Similarly to (SM1.2), multiply together the likelihoods in (SM1.1) across subject 𝑠’s 30 choices 𝑗 ∈ 𝒯 to get the  

likelihood (under model ℳ) of subject 𝑠’s choice vector 𝑐𝒩
𝑠  in pairs that are transparently framed: 

 

(SM1.3)  𝐿ℳ(𝑐𝒯
𝑠 |𝑋𝑗, 𝜃ℳ

𝑠 ) =  ∏ 𝐿ℳ(𝑐𝑗
𝑠|𝑋𝑗, 𝜃ℳ

𝑠 )𝑗∈𝒯 . 

 

The Generalization Criterion “𝑔” for subject 𝑠 is then: 

 

(SM1.4)  𝑔𝑠(𝒮, ℛ) =   2ln [𝐿𝒮(𝑐𝒯
𝑠 |𝜃̂𝒮,𝒩

𝑠 )] − 2ln [𝐿ℛ(𝑐𝒯
𝑠 |𝜃ℛ,𝒩

𝑠 )]. 
 

The Risky Choice Probabilities 

 To make these likelihood-based expressions computable, we need computable expressions for 𝑃ℳ(𝑋𝑗, 𝜃ℳ
𝑠 ) 

for both models ℳ. Let Λ(𝑥) = [1 + 𝑒−𝑥]−1, the Logistic distribution function.  For the RDU model, construct 

decision weights 𝜋𝑧(𝑄) for any four-outcome lottery 𝑄 = (𝑞0, 𝑞𝑙, 𝑞𝑚, 𝑞ℎ) as follows: 

 

   𝜋ℎ(𝑄|𝛼𝑠, 𝛽𝑠) = 𝑤(𝑞ℎ|𝛼𝑠, 𝛽𝑠);  

 

   𝜋𝑚(𝑄|𝛼𝑠, 𝛽𝑠) = 𝑤(𝑞𝑚 + 𝑞ℎ|𝛼𝑠, 𝛽𝑠) −  𝑤(𝑞ℎ|𝛼𝑠, 𝛽𝑠);   

(SM1.5) 

   𝜋𝑙(𝑄|𝛼𝑠, 𝛽𝑠) = 𝑤(𝑞𝑙 + 𝑞𝑚 + 𝑞ℎ|𝛼𝑠, 𝛽𝑠) −  𝑤(𝑞𝑚 + 𝑞ℎ|𝛼𝑠, 𝛽𝑠); and 

 

   𝜋0(𝑄|𝛼𝑠, 𝛽𝑠) = 1 − 𝑤(𝑞𝑙 + 𝑞𝑚 + 𝑞ℎ|𝛼𝑠, 𝛽𝑠),  
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where 𝑤(𝐺|𝛼𝑠, 𝛽𝑠) = exp (−𝛽[−ln(𝐺)]𝛼) is the two-parameter Prelec (1998) weighting function. For RDU 

models we then have the “value difference” 

 

(SM1.6)  𝐷ℛ(𝑋𝑗, 𝜅ℛ
𝑠 , 𝛼𝑠, 𝛽𝑠) = ∑ [𝜋𝑧(𝑅𝑗|𝛼𝑠, 𝛽𝑠) − 𝜋𝑧(𝑆𝑗|𝛼𝑠, 𝛽𝑠)]𝑢𝑗(𝑧|𝜌𝑘)𝑧∈𝒪𝑗

,  

 

and the associated risky choice probability 

  

(SM1.7)  𝑃ℛ(𝑋𝑗, 𝜅ℛ
𝑠 , 𝛼𝑠, 𝛽𝑠, 𝜆ℛ

𝑠 ) = Λ[𝜆ℛ
𝑠 𝐷ℛ(𝑋𝑗 , 𝜅ℛ

𝑠 , 𝛼𝑠, 𝛽𝑠)/ℬℛ(𝑋𝑗, 𝜅ℛ
𝑠 , 𝛼𝑠, 𝛽𝑠)]. 

 

The expression ℬℛ(𝑋𝑗, 𝜅ℛ
𝑠 , 𝛼𝑠, 𝛽𝑠) is a normalization of the value difference 𝐷ℛ(𝑋𝑗 , 𝜅ℛ

𝑠 , 𝛼𝑠, 𝛽𝑠) suggested by 

Blavatskyy (2014): This will be discussed fully in the next section. 

 For SWUP, the 100 frames ⟦𝑅𝑗 , 𝑆𝑗⟧ have two, three or four column blocks. Here we illustrate the 

computable SWUP risky choice probabilities using a three column block example:  

  

(SM1.8)        ⟦𝑅𝑗 , 𝑆𝑗⟧ = 
𝑅𝑗 𝐱𝟏𝑗 𝐫𝟏𝑗 𝐱𝟐𝑗 𝐫𝟐𝑗 𝐱𝟑𝑗 𝐫𝟑𝑗 

𝑆𝑗 𝐲𝟏𝑗 𝐬𝟏𝑗  𝐲𝟐𝑗 𝐬𝟐𝑗  𝐲𝟑𝑗 𝐬𝟑𝑗  

 
 
Define the following expressions: 

  ‖𝐱𝑗 , 𝐲𝑗‖ ≡ ‖𝐱𝟏𝑗, 𝐱𝟐𝑗, 𝐱𝟑𝑗 , 𝐲𝟏𝑗 , 𝐲𝟐𝑗 , 𝐲𝟑𝑗‖, the Euclidean norm of the outcome vector in the frame; 

  ‖𝐫𝑗 , 𝐬𝑗‖ ≡ ‖𝐫𝟏𝑗 , 𝐫𝟐𝑗 , 𝐫𝟑𝑗 , 𝐬𝟏𝑗 , 𝐬𝟐𝑗 , 𝐬𝟑𝑗‖, the Euclidean norm of the probability vector in the frame; 

  𝜎𝑧(𝐱𝐢𝑗, 𝐲𝐢𝑗) ≡ |𝐱𝐢𝑗 − 𝐲𝐢𝑗|/(|𝐱𝐢𝑗| + |𝐲𝐢𝑗| + ‖𝐱𝑗, 𝐲𝑗‖), the DAS-IPS salience of outcome difference 𝐢; 

  𝜎𝑝(𝐫𝐢𝑗, 𝐬𝐢𝑗) ≡ |𝐫𝐢𝑗 − 𝐬𝐢𝑗|/(|𝐫𝐢𝑗| + |𝐬𝐢𝑗| + ‖𝐫𝑗, 𝐬𝑗‖), the DAS-IPS salience of probability difference 𝐢; 

  𝐼𝑧(𝐫𝐢𝑗, 𝐬𝐢𝑗) ≡ (𝐫𝐢𝑗 + 𝐬𝐢𝑗)/2 , the importance of outcome difference 𝐢; 

  𝐼𝑝(𝐱𝐢𝑗, 𝐲𝐢𝑗|𝜅𝒮
𝑠) ≡ [𝑢𝑗(𝐱𝐢𝑗|𝜅𝒮

𝑠) + 𝑢𝑗(𝐲𝐢𝑗|𝜅𝒮
𝑠)]/2, the importance of probability difference 𝐢; 

  𝜔𝑧𝐢𝑗 = 𝜎𝑧(𝐱𝐢𝑗, 𝐲𝐢𝑗) ∙ 𝐼𝑧(𝐫𝐢𝑗, 𝐬𝐢𝑗), the weight on outcome utility difference 𝐢; and 

  𝜔𝑝𝐢𝑗(𝜅𝒮
𝑠) = 𝜎𝑝(𝐫𝐢𝑗, 𝐬𝐢𝑗) ∙ 𝐼𝑝(𝐱𝐢𝑗, 𝐲𝐢𝑗|𝜅𝒮

𝑠), the weight on probability difference 𝐢. 

Using these expressions along with the left-hand-side of text inequality (4), the “value difference” for the 

comparative form of SWUP is  

 

(SM1.9)  𝐷𝒮(𝑋𝑗, 𝜅𝒮
𝑠) = ∑ {𝜔𝑝𝐢𝑗(𝜅𝒮

𝑠) ∙ (𝐫𝐢𝑗 − 𝐬𝐢𝑗) + 𝜔𝑧𝐢𝑗 ∙ [𝑢(𝐱𝐢𝑗|𝜌𝑘) − 𝑢(𝐲𝐢𝑗|𝜌𝑘)]}𝐢 , 

 

with an associated risky choice probability 

 

(SM1.10) 𝑃𝒮(𝑋𝑗, 𝜅𝒮
𝑠 , 𝜆𝒮

𝑠 ) = Λ[𝜆𝒮
𝑠 𝐷𝒮(𝑋𝑗, 𝜅𝒮

𝑠)/ℬ𝒮(𝑋𝑗, 𝜅𝒮
𝑠)]. 
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The expression ℬ𝒮(𝑋𝑗, 𝜅𝒮
𝑠) is again a normalization of the value difference 𝐷𝒮(𝑋𝑗, 𝜅𝒮

𝑠) suggested by Blavatskyy 

(2014): We now turn to these normalizations. 

 

The Blavatskyy Normalization of Value Differences 

 Normalization of value differences is a common feature of many probabilistic choice models (e.g. Carroll 

and DeSoete 1991; Busemeyer and Townsend 1993). Recently, Wilcox (2008, 2011) pointed out a theoretical 

difficulty with probabilistic choice models of choice under risk in the “strong utility” family (Luce and Suppes 

1965) and suggested a modification of them based on a particular normalization of value differences. The 

theoretical difficulty was confirmed by Blavatskyy (2011), and Apesteguia and Ballester (2018) deepened 

appreciation that the problem is a general one. Here we use the “Stronger Utility” normalization suggested by 

Blavatskyy (2014) because it is particularly suited to data containing stochastic dominance pairs (such as ours).  

 For each pair 𝑗, derive two “bounding lotteries” 𝑅𝑆𝑗 and  𝑅𝑆𝑗 from lotteries 𝑅𝑗 and 𝑆𝑗: 𝑅𝑆𝑗 is the stochastic 

dominance supremum of lotteries 𝑅𝑗 and 𝑆𝑗, while 𝑅𝑆𝑗 is the stochastic dominance infimum of lotteries 𝑅𝑗 and 

𝑆𝑗. Put differently, 𝑅𝑆𝑗 is the least desirable lottery that still stochastically dominates both lotteries 𝑅𝑗 and 𝑆𝑗, 

while 𝑅𝑆𝑗 is the most desirable lottery that is nevertheless stochastically dominated by both lotteries 𝑅𝑗 and 𝑆𝑗. 

Let 𝑋̃𝑗 = {𝑅𝑆𝑗, 𝑅𝑆𝑗} be the “choice pair” between these bounding lotteries: Then Blavatskyy’s Stronger Utility 

normalization for RDU is just ℬℛ(𝑋𝑗, 𝜅ℛ
𝑠 , 𝛼𝑠, 𝛽𝑠) ≡ 𝐷ℛ(𝑋̃𝑗, 𝜅ℛ

𝑠 , 𝛼𝑠, 𝛽𝑠).  

 Blavatskyy developed this normalization for use with decision-theoretic models that assign values to 

alternatives (such as RDU). Here we generalize it to models (such as SWUP) that are comparative. For instance 

the normalization becomes ℬ𝒮(𝑋𝑗, 𝜅𝒮
𝑠) ≡ 𝐷𝒮(𝑋̃𝑗, 𝜅𝒮

𝑠) for the comparative SWUP model. In fact, the plausibility 

of this minor extension of Stronger Utility is an additional reason we choose it for this particular work: We 

estimate both a value representation (RDU) and a comparative representation (SWUP), and prefer a common 

normalization for both. An example aids understanding of Blavatskyy’s “bounding lotteries” 𝑅𝑆𝑗 and  𝑅𝑆𝑗. 

Rows 1 and 2 of Table A1.1 show pair 2 from Allais Paradox Group A in a minimal frame, while rows 3 and 4 

show 𝑅𝑆 and 𝑅𝑆 for this pair.    

Table A1.1  Example of Blavatskyy’s Bounding Options 

(Allais Paradox Group A, Pair 2, Minimal Frame) 
design 

info 

row lottery 
 money prob money prob money prob 

𝑋 
1 𝑅  40 0.4 0 0.6   

2 𝑆  25 0.5 0 0.5   

𝑋̃ 
3 𝑅𝑆  40 0.4 25 0.1 0 0.5 

4 𝑅𝑆  25 0.4 0 0.6 0 0 

 

This completes the description of the models we estimated.  
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Estimation Notes 

 The estimations were carried out using the SAS 9.4 “Proc NLP” (nonlinear programming procedure) to 

minimize the negative of the natural logarithm of the likelihood functions, using the Trust Region algorithm 

(Dennis et al., 1981; Gay, 1983). The “proc nlp” statement is reproduced below to provide all algorithm tuning 

information: 

 

proc nlp tech=trureg maxit=25000 maxfunc=75000 instep=1e-8 ; 
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SM2. Analysis of Behavior in Minimal Frames (Calculations for Proposition 1) 

 

To focus on the role of the salience functions in driving our results, we set 𝑢(𝑥) = 𝑥 in our analysis. We 

illustrate the model using the parameter-free salience function: 

(SM2.1)       𝜎(𝐚𝐢, 𝐛𝐢) = 
|𝐚𝐢−𝐛𝐢|

|𝐚𝐢|+|𝐛i|
. 

As a robustness check we also use the parameter-free IPS salience function (where ‖𝐚, 𝐛‖ is the Euclidean norm 

of vector (𝐚, 𝐛) (based on all payoffs or all probabilities or time periods in a frame): 

(SM2.2)       𝜎(𝐚𝐢, 𝐛𝐢|𝐚, 𝐛) = 
|𝐚𝐢−𝐛𝐢|

|𝐚𝐢|+|𝐛𝐢|+‖𝐚,𝐛‖
. 

To summarize, we demonstrate that all results below hold for Specification 1 and Specification 2: 

Specification 1: 𝑢(𝑥) = 𝑥, 𝜎(𝐚𝐢, 𝐛𝐢) = |𝐚𝒊 − 𝐛𝒊|/(|𝐚𝒊| + |𝐛𝒊|). 

Specification 2: 𝑢(𝑥) = 𝑥, 𝜎(𝐚𝐢, 𝐛𝐢) = |𝐚𝐢 − 𝐛𝐢|/(|𝐚𝐢| + |𝐛𝐢| + ‖𝐚, 𝐛‖). 

Calculations for Ellsberg’s paradox are not shown here as that is derived under more general conditions (for any 

salience function and any utility function) in the proof of Proposition 2. 

1. Demonstration that SWUP explains violations of Stochastic Dominance in minimal frames. 

For the minimal presentation in the upper panel of Figure 3, q’ is chosen over p’ if  

φ(0.07,0.06)(0.01)(45)  –  μ(-10,30)(40)(0.01) + φ(0.02, 0.03)(0.01)(15) < 0. 

For Specification 1, q’ is chosen over p’ since (0.06462) – (0.40) < 0. 

For Specification 2, q’ is chosen over p’ since (0.00433) – (0.14015) < 0.  

2. Demonstration that SWUP explains the Allais Paradox in minimal frames. 

For the minimal presentation of the Allais Paradox in the left panel of Figure 4, q is chosen over p if: 

μ(2500,2400)(33)  – μ(0, 2400)(24) < 0. 

For Specification 1, q is chosen over p since (33/49) – (24) < 0. 

For Specification 2, q is chosen over p since (0.32002) – (7.37325) < 0. 

In addition, SWUP predicts that 𝑝 is chosen over 𝑞̃  in the minimal frame in Figure 3 if 

μ(2500,2400)(33.5) - φ(0.33, 0.34)(24.5) > 0. 

For Specification 1, 𝑝̃ is chosen over 𝑞̃ since (3350/4900) – (0.245/0.67) > 0. 
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For Specification 2, 𝑝̃ is chosen over 𝑞̃ since (0.40045) – (0.14122) > 0. 

 

3. Demonstration that SWUP explains the Common Ratio Effect in minimal frames 

For the example of the common ratio effect observed in the left panel in Figure 5, SWUP predicts that q is 

chosen over p if the following inequality holds: 

μ(4000,3000)(1000)(0.80)  - μ(0,3000)(3000)(0.20) < 0. 

For Specification 1, q is chosen over p since (800/7) – (600) <  0. 

For Specification 2, q is chosen over p since (62.34923) – (203.8285) < 0. 

In addition, SWUP predicts that 𝑝 is chosen over 𝑞̃ in the minimal frame in Figure 5 if 

μ(4000,3000)(225) – φ(0.25,0.20)(175) > 0. 

For Specification 1, 𝑝̃ is chosen over 𝑞̃ since (225/7) – (0.05/0.45)(175) > 0. 

For Specification 2, 𝑝̃ is chosen over 𝑞̃ since (18.75) – (5.49497) > 0. 

 

4. Demonstration that SWUP explains Present Bias in minimal frames 

SWUP predicts present bias in minimal frames (left panel of Figure 12). Let δ be the annual discount factor. 

SWUP predicts that r is chosen over t in the minimal frame in the top of Figure 12 if: 

θ(0,1)(1 – δ)(87.5) – μ(75,100)(12.5)(1 + δ) > 0. 

For Specification 1, r is chosen over t if: (1 – δ)(87.5) > (25/175)(1 + δ)(12.5). 

That is, if δ < 24/25. Thus r is chosen over t in the minimal frame if δ < 0.96. 

For Specification 2, r is chosen over t if: 0.5(1 – δ)(87.5) > (25/300)(1 + δ)(12.5). That is, if δ < 0.953.  

When both outcomes are delayed 10 years, t’ is chosen over r’ in the minimal frame if 

θ(10, 11)(δ
10

 – δ
11

)(87.5) – μ(75,100)(12.5)(δ
10

 + δ
11

) < 0 

For Specification 1, t’ is chosen over r’ if (25/6)δ
10

(1 – δ) – (625/350)δ
10

(1 + δ) < 0. 

The above inequality implies δ > 2/5. Thus, t’ is chosen over r’ in the minimal frame if δ > 0.40. 

For Specification 2, t’ is chosen over r’ if (0.02788)δ
10

(1 – δ) – (25/300)δ
10

(1 + δ) < 0. 

The above inequality implies t’ is chosen over r’ in the minimal frame if δ > 0.402. 
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SM3.  100 Framed Lottery Pairs from Experiment with Proportion of Risky (R) Choices for each pair 

Allais Paradox (Common Consequence Effect) Pairs from Experiment 

data set 

code 
          

proportion 90% Confidence 

group pair frame option (x1,y1) (r1,s1) (x2,y2) (r2,s2) (x3,y3) (r3,s3) choosing R lower upper 
              

cc11 

AP.A 1 min 
R 40 0.4 25 0.5 0 0.1 0.431 0.363 0.501 

S 25 0.4 25 0.5 25 0.1 
   

             
AP.A 1 trans 

R 40 0.4 0 0.1 25 0.5 0.409 0.342 0.479 

S 25 0.4 25 0.1 25 0.5 
                 

cc12 

AP.A 2 min 
R 40 0.4 0 0.6 

  
0.613 0.543 0.679 

S 25 0.5 0 0.5 
     

             
AP.A 2 trans 

R 40 0.4 0 0.1 0 0.5 0.219 0.165 0.281 

S 25 0.4 25 0.1 0 0.5 
                 

cc21 

AP.B 1 min 
R 40 0.2 25 0.75 0 0.05 0.504 0.434 0.573 

S 25 0.2 25 0.75 25 0.05 
   

             
AP.B 1 trans 

R 40 0.2 0 0.05 25 0.75 0.409 0.342 0.479 

S 25 0.2 25 0.05 25 0.75 
                 

cc22 

AP.B 2 min 
R 40 0.2 0 0.8 

  
0.766 0.703 0.821 

S 25 0.25 0 0.75 
     

             
AP.B 2 trans 

R 40 0.2 0 0.05 0 0.75 0.343 0.279 0.412 

S 25 0.2 25 0.05 0 0.75 
                 

cc31 

AP.C 1 min 
R 40 0.5 25 0.4 0 0.1 0.438 0.370 0.508 

S 25 0.5 25 0.4 25 0.1 
   

             
AP.C 1 trans 

R 40 0.5 0 0.1 25 0.4 0.460 0.391 0.530 

S 25 0.5 25 0.1 25 0.4 
                 

cc32 

AP.C 2 min 
R 40 0.5 0 0.5 

  
0.613 0.543 0.679 

S 25 0.6 0 0.4 
     

             
AP.C 2 trans 

R 40 0.5 0 0.1 0 0.4 0.263 0.205 0.328 

S 25 0.5 25 0.1 0 0.4 
                 

cc41 

AP.D 1 min 
R 40 0.25 25 0.7 0 0.05 0.511 0.441 0.581 

S 25 0.25 25 0.7 25 0.05 
   

             
AP.D 1 trans 

R 40 0.25 0 0.05 25 0.7 0.496 0.427 0.566 

S 25 0.25 25 0.05 25 0.7 
                 

cc42 

AP.D 2 min 
R 40 0.25 0 0.75 

  
0.752 0.688 0.808 

S 25 0.3 0 0.7 
     

             
AP.D 2 trans 

R 40 0.25 0 0.05 0 0.7 0.343 0.279 0.412 

S 25 0.25 25 0.05 0 0.7 
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Common Ratio Effect Pairs from Experiment 

data set 

code 
 

comm. 
        

proportion 90% Confidence 

group ratio frame option (x1,y1) (r1,s1) (x2,y2) (r2,s2) (x3,y3) (r3,s3) choosing R lower upper 
              

cro1234 CR.A 1 both 
R 40 0.8 0 0.2 

  
0.073 0.043 0.116 

S 30 0.8 30 0.2 
                   

cro12 

CR.A 0.75 min 
R' 40 0.6 0 0.4 

  
0.212 0.159 0.273 

S' 30 0.75 0 0.25 
     

             
CR.A 0.75 trans 

R' 40 0.6 0 0.15 0 0.25 0.051 0.027 0.089 

S' 30 0.6 30 0.15 0 0.25 
                 

cro22 

CR.A 0.50 min 
R' 40 0.4 0 0.6 

  
0.321 0.259 0.389 

S' 30 0.5 0 0.5 
     

             
CR.A 0.50 trans 

R' 40 0.4 0 0.1 0 0.5 0.066 0.037 0.107 

S' 30 0.4 30 0.1 0 0.5 
                 

cro32 

CR.A 0.25 min 
R' 40 0.2 0 0.8 

  
0.453 0.384 0.523 

S' 30 0.25 0 0.75 
     

             
CR.A 0.25 trans 

R' 40 0.2 0 0.05 0 0.75 0.117 0.078 0.168 

S' 30 0.2 30 0.05 0 0.75 
                 

cro42 

CR.A 0.05 min 
R' 40 0.04 0 0.96 

  
0.693 0.626 0.755 

S' 30 0.05 0 0.95 
     

             
CR.A 0.05 trans 

R' 40 0.04 0 0.01 0 0.95 0.321 0.259 0.389 

S' 30 0.04 30 0.01 0 0.95 
                 

crn1234 CR.B 1 both 
R 40 0.75 0 0.25 

  
0.131 0.090 0.184 

S 25 0.75 25 0.25 
                   

crn12 

CR.B 0.8 min 
R' 40 0.6 0 0.4 

  
0.226 0.172 0.289 

S' 25 0.8 0 0.2 
     

             
CR.B 0.8 trans 

R' 40 0.6 0 0.2 0 0.2 0.051 0.027 0.089 

S' 25 0.6 25 0.2 0 0.2 
                 

crn22 

CR.B 0.6 min 
R' 40 0.45 0 0.55 

  
0.321 0.259 0.389 

S' 25 0.6 0 0.4 
     

             
CR.B 0.6 trans 

R' 40 0.45 0 0.15 0 0.4 0.095 0.060 0.142 

S' 25 0.45 25 0.15 0 0.4 
                 

crn32 

CR.B 0.4 min 
R' 40 0.3 0 0.7 

  
0.453 0.384 0.523 

S' 25 0.4 0 0.6 
     

             
CR.B 0.4 trans 

R' 40 0.3 0 0.1 0 0.6 0.153 0.108 0.209 

S' 25 0.3 25 0.1 0 0.6 
                 

crn42 

CR.B 0.2 min 
R' 40 0.15 0 0.85 

  
0.613 0.543 0.679 

S' 25 0.2 0 0.8 
     

             
CR.B 0.2 trans 

R' 40 0.15 0 0.05 0 0.8 0.307 0.245 0.374 

S' 25 0.15 25 0.05 0 0.8 
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Stochastic Dominance Pairs from Experiment 

 

data set 

code 

           
prop. 

choosing  

R 

90% Confidence 

group frame opt. (x1,y1) (s1,r1) (x2,y2) (s2,r2) (x3,y3) (s3,r3) (x4,y4) (s4,r4) lower upper 

               

sd1 

DV.A min 
S 30 0.9 25 0.06 20 0.01 0 0.03 0.328 0.266 0.397 

R 30 0.9 25 0.07 0 0.01 0 0.02 
   

              
DV.A trans 

S 20 0.01 30 0.9 25 0.06 0 0.03 0.971 0.939 0.988 

R 25 0.01 30 0.9 25 0.06 0 0.03 
                  

sd2 

DV.B min 
S 40 0.8 30 0.16 20 0.01 0 0.03 0.19 0.14 0.249 

R 40 0.8 30 0.17 0 0.01 0 0.02 
   

              
DV.B trans 

S 20 0.01 40 0.8 30 0.16 0 0.03 0.978 0.95 0.992 

R 30 0.01 40 0.8 30 0.16 0 0.03 
                  

sd3 

DV.C min 
S 30 0.9 20 0.06 10 0.01 0 0.03 0.431 0.363 0.501 

R 30 0.9 20 0.07 0 0.01 0 0.02 
   

              
DV.C trans 

S 10 0.01 30 0.9 20 0.06 0 0.03 0.971 0.939 0.988 

R 20 0.01 30 0.9 20 0.06 0 0.03 
   

 

 

Extra Pairs from Experiment 

 
data set 

code 
        

proportion 90% Confidence 

frame option (x1,y1) (g1,b1) (x2,y2) (g2,b2) (x3,y3) (g3,b3) choosing R lower upper 

est 

min 
R 25 0.75 0 0.25 

  
0.212 0.159 0.273 

S 15 0.75 15 0.25 
     

           
min 

R 25 0.9 0 0.1 
  

0.504 0.434 0.573 

S 15 0.9 15 0.1 
     

           
min 

R 25 0.75 0 0.25 
  

0.650 0.581 0.714 

S 15 0.9 0 0.1 
     

           
min 

R 25 0.9 0 0.1 
  

0.482 0.412 0.552 

S 25 0.1 15 0.9 
     

           
min 

R 25 0.9 0 0.1 
  

0.387 0.321 0.457 

S 25 0.25 15 0.75 
     

           
min 

R 25 0.9 0 0.1 
  

0.285 0.225 0.351 

S 25 0.5 15 0.5 
     

           
min 

R 25 0.9 0 0.1 
  

0.124 0.084 0.176 

S 25 0.75 15 0.25 
     

           
min 

R 40 0.5 0 0.5 
  

0.204 0.153 0.265 

S 15 0.5 15 0.5 
     

           
min 

R 40 0.75 0 0.25 
  

0.489 0.419 0.559 

S 15 0.75 15 0.25 
     

           
min 

R 40 0.9 0 0.1 
  

0.759 0.695 0.815 

S 15 0.9 15 0.1 
     

           
min 

R 40 0.5 0 0.5 
  

0.328 0.266 0.397 

S 15 0.9 0 0.1 
     

           
min 

R 40 0.75 0 0.25 
  

0.774 0.711 0.828 

S 15 0.9 0 0.1 
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Extra Pairs from Experiment (continued) 

 
data set 

code 

        proportion 90% Confidence 

frame option (x1,y1) (g1,b1) (x2,y2) (g2,b2) (x3,y3) (g3,b3) choosing R lower upper 

est 

min 
R 40 0.5 0 0.5 

  
0.577 0.506 0.644 

S 15 0.75 0 0.25 
     

           
min 

R 40 0.25 0 0.75 
  

0.328 0.266 0.397 

S 15 0.5 0 0.5 
     

           
min 

R 40 0.1 0 0.9 
  

0.387 0.321 0.457 

S 15 0.25 0 0.75 
     

           
min 

R 40 0.75 0 0.25 
  

0.416 0.349 0.486 

S 40 0.1 15 0.9 
     

           
min 

R 40 0.9 0 0.1 
  

0.745 0.680 0.802 

S 40 0.1 15 0.9 
     

           
min 

R 40 0.75 0 0.25 
  

0.343 0.279 0.412 

S 40 0.25 15 0.75 
     

           
min 

R 40 0.9 0 0.1 
  

0.701 0.634 0.762 

S 40 0.25 15 0.75 
     

           
min 

R 40 0.75 0 0.25 
  

0.153 0.108 0.209 

S 40 0.5 15 0.5 
     

           
min 

R 40 0.9 0 0.1 
  

0.569 0.499 0.637 

S 40 0.5 15 0.5 
     

           
min 

R 40 0.9 0 0.1 
  

0.336 0.272 0.404 

S 40 0.75 15 0.25 
     

           
min 

R 40 0.75 0 0.25 
  

0.182 0.133 0.241 

S 25 0.75 25 0.25 
     

           
min 

R 40 0.9 0 0.1 
  

0.577 0.506 0.644 

S 25 0.9 25 0.1 
     

           
min 

R 40 0.75 0 0.25 
  

0.387 0.321 0.457 

S 25 0.9 0 0.1 
     

           
min 

R 40 0.5 0 0.5 
  

0.219 0.165 0.281 

S 25 0.75 0 0.25 
     

           
min 

R 40 0.9 0 0.1 
  

0.518 0.448 0.588 

S 40 0.1 25 0.9 
     

           
min 

R 40 0.9 0 0.1 
  

0.445 0.377 0.515 

S 40 0.25 25 0.75 
     

           
min 

R 40 0.9 0 0.1 
  

0.307 0.245 0.374 

S 40 0.5 25 0.5 
     

           
min 

R 40 0.25 15 0.75 
  

0.350 0.286 0.419 

S 25 0.25 25 0.75 
     

           
min 

R 40 0.5 15 0.5 
  

0.606 0.536 0.672 

S 25 0.5 25 0.5 
     

           
min 

R 40 0.5 15 0.5 
  

0.788 0.727 0.841 

S 25 0.9 15 0.1 
     

           
min 

R 40 0.25 15 0.75 
  

0.511 0.441 0.581 

S 25 0.75 15 0.25 
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Extra Pairs from Experiment (continued) 

 
data set 

code 

        proportion 90% Confidence 

frame option (x1,y1) (g1,b1) (x2,y2) (g2,b2) (x3,y3) (g3,b3) choosing R lower upper 
            

est 

min 
R 40 0.5 15 0.5 

  
0.847 0.791 0.892 

S 25 0.75 15 0.25 
     

           
min 

R 40 0.25 15 0.75 
  

0.693 0.626 0.755 

S 25 0.5 15 0.5 
     

           
min 

R 40 0.1 15 0.9 
  

0.628 0.558 0.693 

S 25 0.25 15 0.75 
     

           
min 

R 40 0.5 15 0.5 
  

0.620 0.551 0.686 

S 40 0.1 25 0.9 
     

           
min 

R 40 0.75 15 0.25 
  

0.723 0.657 0.782 

S 40 0.1 25 0.9 
     

           
min 

R 40 0.5 15 0.5 
  

0.416 0.349 0.486 

S 40 0.25 25 0.75 
     

           
min 

R 40 0.75 15 0.25 
  

0.737 0.672 0.795 

S 40 0.25 25 0.75 
     

           
min 

R 40 0.75 15 0.25 
  

0.489 0.419 0.559 

S 40 0.5 25 0.5 
     

           
min 

R 40 0.9 15 0.1 
  

0.752 0.688 0.808 

S 40 0.5 25 0.5 
     

           
min 

R 40 0.9 15 0.1 
  

0.620 0.551 0.686 

S 40 0.75 25 0.25 
  

 
              

sim11 trans 
R 60 0.55 20 0.45 

  
0.810 0.751 0.860 

S 35 0.55 35 0.45 
                 

sim12 trans 
R 60 0.5 20 0.5 

  
0.825 0.767 0.873 

S 35 0.5 35 0.5 
                 

sim13 trans 
R 60 0.45 20 0.55 

  
0.745 0.680 0.802 

S 35 0.45 35 0.55 
                 

sim21 trans 
R 60 0.35 15 0.65 

  
0.810 0.751 0.860 

S 25 0.35 25 0.65 
                 

sim22 trans 
R 60 0.3 15 0.7 

  
0.803 0.743 0.854 

S 25 0.3 25 0.7 
                 

sim23 trans 
R 60 0.25 15 0.75 

  
0.766 0.703 0.821 

S 25 0.25 25 0.75 
                 

sim31 trans 
R 60 0.15 10 0.85 

  
0.854 0.799 0.898 

S 15 0.15 15 0.85 
                 

sim32 trans 
R 60 0.1 10 0.9 

  
0.854 0.799 0.898 

S 15 0.1 15 0.9 
                 

sim33 trans 
R 60 0.05 10 0.95 

  
0.642 0.573 0.707 

S 15 0.05 15 0.95 
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Extra Pairs from Experiment (continued) 

 
data set 

code 

        proportion 90% Confidence 

frame option (x1,y1) (g1,b1) (x2,y2) (g2,b2) (x3,y3) (g3,b3) choosing R lower upper 
            

sip11 payoff-aligned 
R 40 0.25 15 0.4 0 0.35 0.774 0.711 0.828 

S 40 0.1 15 0.6 0 0.3 
               

sip12 payoff-aligned 
R 40 0.25 15 0.2 0 0.55 0.686 0.618 0.748 

S 40 0.1 15 0.4 0 0.5 
               

sip13 payoff-aligned 
R 40 0.25 15 0.1 0 0.65 0.686 0.618 0.748 

S 40 0.1 15 0.3 0 0.6 
               

sip14 payoff-aligned 
R 40 0.25 15 0 0 0.75 0.365 0.300 0.434 

S 40 0.1 15 0.2 0 0.7 
               

sip21 payoff-aligned 
R 25 0.2 15 0.7 0 0.1 0.292 0.232 0.359 

S 25 0.1 15 0.85 0 0.05 
               

sip22 payoff-aligned 
R 25 0.2 15 0.2 0 0.6 0.416 0.349 0.486 

S 25 0.1 15 0.35 0 0.55 
               

sip23 payoff-aligned 
R 25 0.2 15 0.1 0 0.7 0.416 0.349 0.486 

S 25 0.1 15 0.25 0 0.65 
               

sip24 payoff-aligned 
R 25 0.2 15 0 0 0.8 0.234 0.179 0.297 

S 25 0.1 15 0.15 0 0.75 
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SM4. Experimental Instructions (Screen Shots) 
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Note: This screen is displayed throughout all questions on the first quiz, below.  
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Note: This screen is displayed throughout all questions on the second quiz, below. 
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