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Abstract 
Prospect theory is well understood in contexts without a time dimension. In intertemporal contexts, 
however, it is unclear how prospect theory should be applied. In particular, it is unclear whether 
probabilities should be weighted within time periods or whether probabilities of discounted utilities 
(or present values) of outcome streams should be weighted. Furthermore, it is unclear what parametric 
specifications of probability weighting and utility functions should be used. We find in a pre- 
registered experiment on a representative sample that weighting probabilities of discounted utilities 
(or present values) predicts decisions best. The estimated probability weighting functions are inverse- 
S shaped, and the utility functions are almost linear. (JEL: D81, D90, G40, D15) 
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Teaching Slides 

A set of Teaching Slides to accompany this article is available online as 
Supplementary Data. 

. Introduction 

nalyzing decisions under risk is an important topic in many fields of research,
ncluding economics, finance, business, health, and psychology. The most prominent
ontender of expected utility theory is (cumulative) prospect theory (Tversky and
ahneman 1992 ). Prospect theory entails two fundamental breakaways from the

lassical expected utility model. First, instead of defining preferences over total wealth,
references are defined over changes with respect to a reference point, and it is
ssumed that negative changes (losses) are treated differently than positive changes
gains). Second, outcomes are not weighted by objective probabilities but rather by
ransformed probabilities (specifically, unlikely large gains and unlikely large losses
re overweighted). 

Considering financial decisions, prospect theory can, for example, explain the
quity premium puzzle (Benartzi and Thaler 1995 ; Barberis and Huang 2006 ),
he stock market participation puzzle (Dimmock and Kouwenberg 2010 ), and the
isposition effect (e.g., Barberis and Xiong 2009 ; Meng and Weng 2017 ). In other
elds of economics, prospect theory can explain the downward-sloping labor supply
urve (Goette, Huffman, and Fehr 2004 ) or the avoidance of probabilistic insurance
Wakker, Thaler, and Tversky 1997 ) and index insurance (Lampe and Würtenberger
020 ). DellaVigna ( 2009 ) and Barberis ( 2013 ) provide overviews of many more
henomena that are inconsistent with expected utility theory but can be explained
ith prospect theory. 

Most applications of prospect theory assume an atemporal setting, that is, a setting
here the gains and losses materialize at one point in time. In these settings, prospect

heory has been thoroughly analyzed and is well understood. Many natural settings,
owever, involve gains and losses at different points in time. Recent studies integrate
lements of prospect theory in such intertemporal settings, for instance, prominently
n finance (Meng and Weng 2017 ; van Bilsen, Laeven, and Nijman 2020 ; among many
thers). However, in intertemporal applications, usually only some aspects of prospect
heory are incorporated into a setting that is otherwise one of discounted expected
tility maximization. Many applications include loss aversion in their models but
gnore probability weighting (Easley and Yang 2015 ; Meng and Weng 2017 ; among
any others). 

To date, there is no generally accepted version of prospect theory in intertemporal
ettings. There are not only minor disagreements about the calibration of the
arameters, but there is not even agreement on how the probability weighting
hould be applied. Considering that prospect theory is widely viewed as the most
ccurate available description of how people make risky decisions, this is surprising.
ur paper provides evidence on how prospect theory should best be applied in

ntertemporal situations. Whereas the best way of applying prospect theory may
epend on the context (as different application methods may capture different aspects
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f intertemporal choice), we aim to analyze the question in a neutral setting, which
oes not favor one particular application method. 

We refer to the first possible method that can be used as the time-separation method.
ith this method, outcomes are ranked within each time period and decision weights

re calculated (with probability weighting functions similar to an atemporal setting).
iven these decision weights, each time period’s prospect theory value (PT value)

an be calculated, and the overall PT value is then the time-discounted sum of these
alues. This first method has, for instance, been used in Andreoni and Sprenger ( 2012 ),
e Giorgi and Legg ( 2012 ), Guo and He ( 2017 ), Krause, Ring, and Schmidt ( 2020 ),

nd van Bilsen and Laeven ( 2020 ). 
The second method, which we refer to as the risk-separation method, first calculates

he decision maker’s discounted utility of each possible stream of outcomes. These
tility values are then ranked, and their decision weights are calculated (as in atemporal
rospect theory). The overall PT value is then calculated as the atemporal PT value of
hese discounted utilities. This method (or a version of it with rank-dependent utility,
ot distinguishing between gains and losses but including probability weighting) has
een used in Chew and Epstein ( 1990 ), Bleichrodt and Eeckhoudt ( 2006 ), Halevy
 2008 ), Drouhin ( 2015 ), Epper and Fehr-Duda ( 2015 ), and Blavatskyy ( 2016 ). 1 

Whereas the two methods yield the same results without probability weighting
that is, under classical discounted expected utility theory), they, in general, yield
ifferent results with probability weighting, which can lead to substantive differences
Section 6 ). The first step towards understanding how prospect theory should be applied
n intertemporal situations is to understand which of these two methods describes
uman choices best in a neutral intertemporal setting. 

A second open issue when moving from prospect theory for atemporal choice
o prospect theory for intertemporal choice is the specification of the utility and
robability weighting functions (for a given method of applying prospect theory).
any studies integrating elements of prospect theory into intertemporal models use

unctional forms and parameter calibrations obtained in atemporal settings. It is a priori
ot clear that these specifications of the utility and probability weighting functions are
ell-suited to analyze intertemporal choice. Abdellaoui et al. ( 2013a ) and Abdellaoui,

’Haridon, and Paraschiv ( 2013b ), for instance, suggest that loss aversion is smaller in
ntertemporal contexts than in atemporal contexts. 

In this study, we elicit certainty equivalents of intertemporal lotteries in a
epresentative sample to determine which of the two methods describes choices better.

e also estimate the parameters for a variety of different utility, probability weighting,
nd time-discount functions jointly. Scholars and practitioners may benefit from our
stimation results when applying prospect theory in intertemporal contexts, as they
an then use parametrizations obtained in an intertemporal setting (estimating the
arameters anew also assures that the results of the comparison of the methods are
ot driven by potentially unfitting atemporal calibrations). 

To preview our results, the risk-separation method predicts observed choices better
han the time-separation method for all considered combinations of functional forms.
. Some authors were certainly aware that a choice needed to be made, which method to use. However, 
thers were likely unaware that there were different options. 
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he prediction performance of the risk-separation method also improves considerably
ver the prediction performance of expected discounted utility (EDU) models: mean
quared errors (MSEs) for EDU models are similar to mean squared errors for the
ime-separation method and about 25% higher than for the risk-separation method.
he estimated probability weighting functions are inverse-S shaped and very similar

o typical atemporal calibrations. The estimated utility functions are almost linear for
ains and losses and have a loss aversion coefficient close to 1. 2 

While our main focus lies on the comparison of the time-separation method and
he risk-separation method, we also compare these methods to a variant of the risk-
eparation method. This variant also separates risks, but it calculates present values
f outcome streams (in monetary values) before entering them in a utility function (in
ontrast to the regular risk-separation method, which calculates discounted utilities,
hus “present values” directly in utility terms). That variant performs as well as the
egular risk-separation method. 

Very closely related literature is scarce. Epper and Fehr-Duda ( 2015 ) nicely
llustrate the co-existence of the two methods and show that the risk-separation method
an explain a decision pattern that cannot be explained with the time-separation
ethod. Rohde and Yu ( 2024 ) investigate intertemporal correlation aversion in a

aboratory experiment. Intertemporal correlation aversion can arise if subjects use
he risk-separation method to evaluate the lotteries but not if they use the time-
eparation method. Rohde and Yu ( 2024 ) find that the majority of subjects are averse to
ntertemporal correlation; their results thus lend support to the risk-separation method.
i, Rohde, and Wakker ( 2024 ) provide a theoretical framework for the optimization
ver two components (such as time and risk). They argue that risk is more easily
eparable than time. These recent studies, which are methodologically very different,
re thus consistent with ours. 

This paper is organized as follows. Section 2 introduces the two methods of
pplying prospect theory to intertemporal settings. Section 3 contains the experimental
esign and discusses the pre-registration and the experimental procedures. Section 4
iscusses parametric specifications, the estimation method, and the measure of
rediction performance. Section 5 shows the results. Section 6 sketches an application
xample, and Section 7 concludes. 

. Modeling Options for Intertemporal Prospects 

.1. Intertemporal Prospects 

n atemporal prospect yields a payout in one time period. Figure 1 (a) displays an
xample of such a prospect. The three potential outcomes (arriving at t = 0 , without
ime discounting) are labeled z1 , z2 , and z3 . Outcome z1 , for instance, arrives with
robability p1 . 
. In the experiment, we implement salient reference points of 0 in all time periods. In applications, 
eference points may differ across periods, of course. 



Lampe and Weber Prospect Theory for Intertemporal Choice 705

FIGURE 1. Examples of an atemporal and an intertemporal prospect. 
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An intertemporal prospect yields payouts at different time periods. Figure 1 (b)
rovides an example. The potential outcomes of period t are labeled by zt, 1 , zt, 2 , . . . .
 period’s outcomes are not necessarily distinct (that is, z1 , 2 = z1 , 3 , for instance, is
ossible) and the labels do not necessarily reflect the outcomes’ rank-order. In the first
eriod ( t = 0 ), either outcome z0 , 1 arrives (with probability p) or outcome z0 , 2 (with
robability 1 − p). Outcomes at t = 1 and t = 2 depend in general on the outcomes of
revious periods. The probability that one specific outcome arrives is, thus, equal to
he product of its path probabilities. The probability that the outcome at t = 1 equals
1 , 1 is, for instance, given by p · q . 

This paper analyzes the evaluation of such intertemporal prospects at one point
n time (at the beginning). We thus do not study dynamic decision making. Time
onsistency, for instance, a dynamic decision principle, plays no role in our study. 

.2. Time-Separation Method 

o evaluate a prospect with outcomes in T periods, the time-separation method first
alculates each time period’s PT value (note that we call any evaluation of a lottery in

art/jvaf037_f1.eps
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FIGURE 2. Illustration of the time-separation method. 
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tility terms with a version of prospect theory a PT value; this holds for calculations of
uch values within time periods in the time-separation method but also for the overall
valuation of an intertemporal lottery with the time-separation or the risk-separation
ethod). These values are then discounted with a given time-discount function δ

generally with δ(0) = 1 ) and added up. We denote the PT value of period t by Vt ,
 = 0 , . . . , T − 1 . Applying the time-separation method to the prospect in Figure 1 (b)
mplies that its overall PT value is the sum of its three time-discounted per-period PT
alues, as illustrated in Figure 2 . 

To calculate each time period’s PT value, prospect theory is applied as in an
temporal setting. Periods’ outcomes are ranked and their objective probabilities are
ransformed into subjective decision weights. Denoted by xt, 1 , . . . , xt,nt the ordered
nd distinct outcomes of period t and by pt, 1 , . . . , pt,nt their objective probabilities.
ach time period’s outcome set may consist of gains and losses, so that xt, 1 >

t, 2 > · · · > xt,kt > 0 > xt,kt +1 > · · · > xt,nt . Note that the objective probabilities are
ompound probabilities (for example, if z1 , 1 > z1 , 2 and z1 , 1 > z1 , 3 in Figures 1 B
nd 2 , then x1 , 1 = z1 , 1 and p1 , 1 = p · q ). The PT value of period t can then be
alculated using the formula: 

Vt =
kt ∑ 

i =1 

π+ 

t,i v(xt,i ) +
nt ∑ 

l= kt +1 

π−
t,l v(xt,l ) , 

ith v denoting the decision maker’s utility function (also called value function in
rospect theory), which is strictly increasing. We assume that the reference point is at
 and v(0) = 0 . Further, the decision weights π+ 

t,i and π−
t,i are defined by 

art/jvaf037_f2.eps
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FIGURE 3. Illustration of the risk-separation method. 
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π+ 

t, 1 = w+ (pt, 1 ) , π
−
t,nt 

= w−(pt,nt ) , 

π+ 

t,i = w+ (pt, 1 + · · · + pt,i ) − w+ (pt, 1 + · · · + pt,i −1 ) , for 1 < i ≤ kt , 

π−
t,l = w−(pt,l + · · · + pt,nt ) − w−(pt,l+1 + · · · + pt,nt ) , for kt < l < nt . 

ere, w+ is the probability weighting function for gains and w− that for losses,
atisfying w+ (0) = w−(0) = 0 , w+ (1) = w−(1) = 1 . Both weighting functions are
ondecreasing. 

The overall value of the prospect, which we label V , is then the sum of all time-
iscounted per-period PT values, thus V = ∑ T −1 

t=0 δ(t ) Vt . We call this method time-
eparation method, because the different time periods are first evaluated separately,
efore the aggregation over time takes place. 

.3. Risk-Separation Method 

he risk-separation method evaluates an intertemporal prospect by calculating the
iscounted utilities of the possible streams of outcomes and then weighting the
robabilities of these discounted utilities (one could also call the discounted utilities
resent values in utils to avoid that people think of EDU theory here; present values in
onetary terms will play a role later, in Section 5.4 ). An outcome stream is a sequence

f outcomes that arrives with positive probability. We denote the different possible
utcome streams by o1 , o2 , . . . . An outcome stream o j thus consists of T outcomes,
ne in each time period, o j = ( o j, 0 , . . . , o j,T −1 ) , with o j,t denoting the outcome in
eriod t. Figure 3 illustrates the outcome streams of the example given in Figure 1 (b)
for o2 , for instance, o2 , 0 = z0 , 1 , o2 , 1 = z1 , 2 , and o2 , 2 = z2 , 2 ). 

The discounted utility (or present value in utils) of outcome stream o j is given by
 V (o j ) =

∑ T −1 
t=0 δ(t ) v (o j,t ) . The discounted utility of o1 in Figure 3 is, for instance,

iven by v(z0 , 1 ) + δ(1) v(z1 , 1 ) + δ(2) v(z2 , 1 ) , with δ(0) = 1 . We denote the number of
istinct discounted utilities by m and rank-order them, so that P V1 > · · · > P Vk >

 > P Vk+1 > · · · > P Vm 

. The objective probability of receiving the outcome stream

art/jvaf037_f3.eps
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The overall PT value of the intertemporal prospect, W , is the sum of all discounted
tilities multiplied by their decision weights as in atemporal prospect theory, 

W =
k ∑ 

j=1 

π+ 

j P Vj +
m ∑ 

h = k+1 

π−
h P Vh , 

ith the decision weights for gains and losses defined by 

π+ 

1 = w+ (q1 ) , π
−
m 

= w−(qm 

) , 

π+ 

j = w+ (q1 + · · · + q j ) − w+ (q1 + · · · + q j−1 ) , for 1 < j ≤ k, 

π−
h = w−(qh + · · · + qm 

) − w−(qh +1 + · · · + qm 

) , for k < h < m. 

e call this method risk-separation method (in an earlier version of this paper, the
ethod was called present-value method). 3 

.4. Differences between the Methods 

n general, with non-linear weighting of probabilities, both methods yield different
valuations of prospects (see Li, Rohde, and Wakker 2024 ; for a brief application
xample, see Section 6 ). However, for a subset of lotteries, both methods yield the same
T values (thus, exactly the same evaluations, assuming the same parametrization for
oth methods). In particular, the methods give the same PT value for a lottery if any
utcome stream of the lottery contains only non-negative or non-positive outcomes
nd if, in addition, the lottery possesses a property that we call rank-order stability.
ntuitively, rank-order stability means that if one outcome is larger than another
utcome within one period, then, for any other period, the outcomes that may arrive in
ddition to the larger outcome (i.e., outcomes that are in one of the outcome streams
ontaining this larger outcome) must be at least as large as the outcomes that may arrive
n addition to the smaller outcome. Rank-order stability, therefore, implies that the best
utcome stream bundles the best outcomes of each period. In Online Appendix A , we
rovide an example, a formal definition, and a proof that lotteries with these properties
re indeed evaluated equally. 4 
. Note that both of the methods involve compound probabilities. It is also possible to model 
ntertemporal choice without compound probabilities (e.g., Kreps and Porteus 1978 ; Epstein and Zin 1989 ). 
owever, we focus on analyzing these particular two methods and on a variant of the risk-separation method 

Section 5.4 ); analyzing further very different models would be beyond the scope of this paper. 

. For most economic or financial applications, the evaluations between the methods will differ. For 
nstance, if a good outcome in one period can be followed by a bad outcome in another period, rank-order 
tability does not hold. In addition, even if rank-order stability holds, the evaluations can differ if some 
utcome streams contain both positive and negative outcomes. 

 10 June 2026
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. Experimental Design and Procedures 

.1. Decision Tasks 

ach subject makes 48 decisions. For each decision, a subject is shown a lottery
framed neutrally as a risky option) with a time horizon of three periods ( t = 0 , 1 , 2 ).
he first period ( t = 0 ) refers to the time of the experiment, the second period ( t = 1 )

o 3 months after the experiment, and the third period ( t = 2 ) to 6 months after the
xperiment. Sixteen of the lotteries only contain positive outcomes (gain lotteries), 16
nly contain negative outcomes (loss lotteries), and 16 contain positive and negative
utcomes (mixed lotteries). 

For each lottery, we elicit a subject’s switching point from the lottery to a safe
ption that yields three certain and identical payouts (with the same timing as for the
otteries; that is, at the time of the experiment, 3 months later, and 6 months later).

e elicit the switching point by asking subjects to position a slider that indicates for
hich payout amounts of the safe option they prefer the lottery over the safe option

and vice versa). The safe option contains three payouts with the same timing as the
ottery payouts, so that the key difference between a lottery and a certainty equivalent
ies in the riskiness of the options, as for certainty equivalents in atemporal choice (we
hus do not introduce an additional difference in the timing of the payouts). 

Figure 4 shows an example of such a decision task. At the top, subjects see the
ntertemporal lottery of this task (with non-trivial probabilities illustrated using a wheel
f fortune). We designed the lottery illustration with the aim not to favor one method
ver the other (as our aim is to compare the application methods in an abstract situation
hat is as neutral as possible). Arrows are shown, which are related to outcome streams,
ut therefore gray boxes highlighting the time dimension are also shown. 

Below the lottery, subjects see an illustration of the safe option (without the
onetary values filled in because these depend on a subject’s choice in the task).
urthermore, the decision screen shows a short description of the meaning of the
osition of the slider and the slider that they can position. The slider is initially always
laced at the leftmost position (as depicted in Figure 4 ). When subjects move the slider
o the right, they increase the amount that they need to be offered in the safe option
three times) in order to prefer the safe option over the lottery. The bold numbers in
he row above the slider change when the slider is moved. The difference between
hese two bold numbers is always 1 euros (in the analysis, we take the midpoint
etween these two numbers as the certainty equivalent). The limits of the slider (i.e.,
he leftmost and rightmost positions) are the lottery’s minimal and maximal possible
ums of payouts across the three time periods (without time discounting) divided by
hree, as the safe option payout amount is received three times. 5 
. Admittedly, the decision screen remains complex. We believe that this reflects the fact that the studied 
ecisions are complex, so that it cannot be avoided. The stimuli are also arguably not more complex than 
he stimuli in real-world applications. 
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FIGURE 4. Example of a decision task. On top is the decision task’s intertemporal lottery, followed 
by an illustration of the safe option (without payout values). The bottom part shows a description of 
the slider and the slider to elicit the certainty equivalent of the intertemporal lottery. 
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.2. Lotteries 

ll lotteries used in the experiment, with a description of why they have been chosen,
an be found in Online Appendix B . Here, we give an overview of the structure behind
he chosen lotteries. 

The following design features hold for all lotteries and aim at keeping the
xperiment comprehensible for subjects: (1) each branching in the trees describing the
ntertemporal lotteries leads to at most two distinct outcomes in the following period;
2) in the last period, the number of distinct outcomes is limited to four (this is achieved

art/jvaf037_f4.eps
https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvaf037#supplementary-data
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TABLE 1. Overview lottery sets. 

Gains Losses Gains & losses 

Low stakes Set 1 Set 2 Set 3 
High stakes Set 4 Set 5 Set 6 
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y relying on outcomes that arrive with probability one in one time period); and (3)
utcomes appear only with probabilities 1, 9 / 10 , 2 / 3 , 1 / 2 , 1 / 3 , or 1 / 10 . 

The 48 lotteries of the experiment can be categorized into six sets, each containing
ight lotteries. The first three sets consist of low-stake lotteries: low-stake gain lotteries
Set 1), low-stake loss lotteries (Set 2), and low-stake mixed lotteries (Set 3). The
ther three sets consist of high-stake gain lotteries (Set 4), high-stake loss lotteries
Set 5), and high-stake mixed lotteries (Set 6). The sets are summarized in Table 1 .
he different sets appear in random order. Lotteries within each set similarly appear in

andom order. 
In general, the loss lotteries (Sets 2 and 5) are obtained by multiplying all outcomes

f the gain lotteries (Sets 1 and 4) by −1 . The high-stake lotteries (Sets 4–6) are
btained by multiplying the low-stake lotteries (Sets 1–3) by 20. The 8 lotteries of
ach set consist of 6 calibration and 2 test lotteries, implying a total of 36 calibration
nd twelve test lotteries. 

alibration Lotteries. We use the certainty equivalents reported for the calibration
otteries to estimate the parameters of utility function, weighting functions, and
ime-discount function jointly. The calibration lotteries ensure that all functions can
e estimated on a relatively dense grid, for the utility functions, including small,
ntermediate, and large positive and negative values. 

The outcome streams of the calibration lotteries contain only non-negative or
on-positive outcomes (also in the mixed-lottery sets), and the calibration lotteries
re rank-order-stable. As explained in Section 2.4 , this implies that for any given
ombination of utility function, probability weighting functions, and time-discount
unction, the evaluations under the time-separation method and the risk-separation
ethod are identical. The parameter estimates obtained on the calibration lotteries are,

hus, the same for both methods. 
Figure 5 shows two explanatory calibration lotteries from Set 1 (low-stake gain

otteries). All outcomes are in euros. Lottery 1 contains several unlikely good
utcomes. Lottery 3, in contrast, contains several likely good outcomes. The variation
n outcomes contributes to the utility function being estimated on several small positive
alues. Similarly, the variation in good outcomes’ arrival probabilities contributes to
he probability weighting function for gains being estimated on several values in the
nterval [0,1]. 

est Lotteries. The test lotteries are designed such that the evaluations under the
wo methods give (sizably) different results. The test lotteries can therefore be used
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FIGURE 5. Calibration lottery examples, Lottery Set 1 (low-stake gain lotteries). 
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o compare the out-of-sample explanatory power of the two methods. In each of the
ix sets, one of the two test lotteries is chosen such that the time-separation method
eads to a higher (multi-period) certainty equivalent than linear probability weighting
f parameters are similar to the ones usually found for atemporal prospect theory, while
he risk-separation method leads to a lower certainty equivalent. The opposite holds for
he other test lottery. In order to assure a fair comparison between the two methods, we
hoose the test lotteries such that the degree to which one method over and the other
ethod undervalues the lottery is similar (assuming typical atemporal calibrations). 

Figure 6 shows the two test lotteries from Set 6 (high-stake mixed lotteries). In
ottery 47, the time-separation method would simultaneously underweight the most
egative outcome at t = 1 ( −600 arrives with probability 1 / 2 ) and overweight the most
ositive outcome at t = 2 (1200 arrives with probability 1 / 6 ). The time-separation
ethod would then overvalue the lottery. For the risk-separation method, the lottery

ontains three outcome streams with positive discounted utility: (1200, −600, 1200),
1200, 0, 600), and (600, 1200, 0). The discounted utility of these streams should be
lose to each other. The probability that one of these three streams arrives is 2 / 3 . The
isk-separation method would therefore underweight the probability of such a positive
iscounted utility and undervalue the lottery. 

In Lottery 48, at t = 1 and at t = 2 , the outcome 1200 arrives with probability 1 / 2 .
he time-separation method would underweight the positive outcome 1200 in these

art/jvaf037_f5.eps
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FIGURE 6. Test lottery examples, Lottery Set 6 (high-stake mixed lotteries). 

TABLE 2. Test lottery examples, certainty equivalent (CE) calculation. 

No weighting Time-separation Risk-separation 

CE CE Rel. deviation CE Rel. deviation 
(1) (2) (3) (4) (5) 

Lottery 47 220.3 265.4 +20% 171.8 −22% 

Lottery 48 195.9 141.1 −28% 248.8 +27% 

Notes: To calculate the certainty equivalents, we use the parametric specifications suggested by Tversky and Kah- 

neman ( 1992 ), that is, v(x) = 1 (x ≥ 0) x0 . 88 − 1 (x < 0)2 . 25(−x)0 . 88 and w+ (p) = w−(p) = p0 . 69 

( p0 . 69 +(1 −p)0 . 69 ) 1 / 0 . 69 

(without time discounting). 
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wo periods and undervalue the lottery. For the risk-separation method, note that the
utcome stream (1200, 1200, 1200) arrives with probability 1 / 6 . The risk-separation
ethod therefore overweights this stream and overvalues the lottery. 

In order to quantify the over- and undervaluation, we calculate the certainty
quivalent of each lottery using typical atemporal specifications of the weighting
nd utility functions (omitting time discounting). In line with our experimental
esign, this certainty equivalent would be received three times. Table 2 displays the
esults for two lotteries as an illustration, showing that the degrees of over- and

art/jvaf037_f6.eps
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ndervaluation are similar. Column (1) shows the certainty equivalent that is calculated
ith linear probability weighting. Column (2) displays the certainty equivalent that

s calculated with the time-separation method, and column (3) its relative deviation
rom the evaluation with linear probability weighting. Column (4) shows the certainty
quivalent implied by an evaluation with the risk-separation method and column (5)
ts relative deviation from the evaluation with linear probability weighting. As shown
n Online Appendix B , these characteristics are shared by all twelve test lotteries,
nabling an a priori fair comparison of the two methods. 

.3. Hypothetical and Incentivized Lotteries 

reatment comparisons are not the main focus of the paper. We implement two
reatments, in which the remuneration of subjects varies. For subjects in treatment T1,
ll decisions are hypothetical and subjects receive a fixed payment only (15 euros).
or subjects in treatment T2 (who also receive the fixed payment of 15 euros), the
ain lotteries are incentivized (mixed and loss lotteries are hypothetical as in T1). Each
ubject in the experiment has a 25% chance to be assigned to the incentivized treatment
2. Subjects know whether a part of their choices have monetary implications (and
hich choices these are) or whether all choices are hypothetical. These two treatments

erve as robustness check of whether choices are consistent with and without monetary
onsequences. In the incentivized treatment, the payouts from the three different time
eriods are actually paid at three different times. This is clearly communicated to
ubjects in the experimental instructions. 6 

For subjects in T2, one gain lottery is randomly selected for payment at the
nd of the experiment. There is a 99% chance that a low-stake lottery is selected
nd a 1% chance that a high-stake lottery is selected (for evidence that incentives
mplemented with random problem-selection procedures work well in individual
ecision experiments without strategic interaction, see Umer 2023 ). Then a standard
ayment mechanism is employed. A random number is drawn from a uniform
istribution, defined over the interval from LPmin / 3 to LPmax / 3 , where LPmin is the
inimal and LPmax the maximal non-discounted sum of payouts of the selected lottery

these are the limits of the sliders in the decision tasks, as described in Section 3.1 ).
he terms LPmin and LPmax are divided by three because the certainty equivalent is paid

hee times. If the drawn random number is greater than or equal to the subject’s stated
witch point, the subject receives the random number three times. If the random number
. The reason for using these treatments is as follows. Conducting the experiment with monetary 
ncentives for all lotteries is not possible in a straightforward manner because of the loss lotteries 
implementing real losses is not possible with this subject pool, and it would be ethically questionable; 
esorting to a large endowment from which losses are deducted would be problematic because it is unclear 
hether subjects would consider such deductions as actual losses). Conducting the experiment only with 
ypothetical lotteries might lead to the criticism that hypothetical choices do not necessarily correspond to 
hoices with monetary incentives. If hypothetical and incentivized choices are similar for the gain lotteries, 
his gives good reason to believe that the hypothetical choices in our setting would generally be similar to 
ncentivized choices. 

 10 June 2026

https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvaf037#supplementary-data
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s lower, the subject keeps the lottery and the reward is determined by a realization of
he lottery. 7 

.4. Pre-Analysis Plan 

he study was pre-registered at the Open Science Foundation ( https://osf.io/7zyp4 )
ith a detailed pre-analysis plan ( https://osf.io/fv8a2 ). We follow the pre-analysis

losely for our main analysis. Minor existing deviations from the pre-analysis plan
re explicitly mentioned. 

.5. Procedures 

he data was collected on the LISS (Longitudinal Internet Studies for the Social
ciences) panel, a subject pool that is representative of the Dutch population, consisting
f about 9000 Dutch individuals (at the time of the data collection). 8 Data collection
nd data analysis were entirely separated. The experiment was conducted in Dutch.
nstructions and other materials were translated from English to Dutch by the LISS
anel team. We made sure in several iterations that the translations were accurate
one of us speaks Dutch, and we checked with an experimental economist who is a
ative speaker). Before starting the decision tasks, subjects had to correctly answer
 set of comprehension test questions. The English version of the instructions and
omprehension test questions can be found in Online Appendix C . All subjects
ho completed the experiment received 15 euros for participating, subjects in the

ncentivized treatment received, on average, 84 euros in addition to this. Payments
ere made by bank transfers (in the incentivized treatment, the payments from the
rst time period were transferred jointly with the payment for participation; the other
ayments were transferred 3 and 6 months later). Subjects are used to receiving such
ank transfers, as this is the standard payment mechanism used for the LISS panel.
ur experiment constituted an own “survey,” it was not integrated into another survey.
efore running the experiment, two pilots with about 25 subjects each were conducted
. This random price mechanism is relatively difficult for subjects to understand. An alternative would 
ave been using choice lists (which would then have needed to be implemented in both treatments instead 
f the slider). We opted for the slider (which implied using the random price mechanism in the incentivized 
reatment), because choice lists would either have become confusingly large for some lotteries, or we would 
ave needed to use a much larger step size for the choices, giving us less precise estimates, which we wanted 
o avoid. Ex post, the fact that choices are very similar in both treatments suggests that using the random 

rice mechanism was not a problematic design choice. 

. The description of the panel by Centerdata is as follows: “The LISS panel is a representative sample 
f Dutch individuals who participate in monthly internet surveys. The panel is based on a true probability 
ample of households drawn from the population register by Statistics Netherlands. Self-registration is not 
ossible, and households that would otherwise be unable to participate are provided with a computer and 
nternet connection. The longitudinal LISS Core Study, consisting of separate topical surveys, has been 
onducted in the panel every year since 2007, covering a large variety of domains including health, work, 
ducation, income, housing, leisure and time use, political views, values and personality.” More information 
an be found at www.lissdata.nl/ and in Scherpenzeel and Das ( 2010 ). 

f St.G
allen user on 10 June 2026

https://osf.io/7zyp4
https://osf.io/fv8a2
https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvaf037#supplementary-data
https://www.lissdata.nl/
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nline with the student subject pool of the Behavioral Lab of the University of St.
allen. These pilots served to make the elicitation procedure and the instructions as

omprehensible as possible. 
In a post-experimental questionnaire, we asked three questions about the

omprehension of the tasks and the attention paid in the experiment: 

� During the decision tasks, we asked you to position a slider. Was it clear to you
what the position of the slider meant? 

� During the decision tasks, we asked you to evaluate risky options with uncertain
payouts at three different points in time. How complicated were these decision
tasks? 

� Please honestly report your attention during the questionnaire. 

ach of these questions only had three answer possibilities. As outlined in our pre-
nalysis plan, we exclude all subjects from the analysis that answer at least one of
hese questions with the “worst” answer possibility (indicating that it was unclear what
he slider meant, that the decision tasks were too complicated, or that a subject only
aid attention in a few parts of the experiment or not at all). In addition (and as pre-
egistered), we exclude all subjects that completed the tasks with a median decision
ime of less than 15 seconds. Such strict exclusion criteria serve to make sure that only
ata are used that stem from subjects who understood the decision tasks and took them
eriously. It is thus unlikely that the results are driven by subjects who misunderstood
he choice problem or by subjects who clicked through the experiment fast to collect
he participation fee in a short period of time. 

A total of 391 subjects started the decision tasks, 13 of them did not finish the
xperiment. 9 Of the remaining 378 subjects, we exclude 192 subjects based on the
nswers to the post-experimental questionnaire and an additional 86 subjects that
nished the decision tasks with a median time per task of less than 15 seconds.
ollowing our pre-registered data exclusion rules, we therefore drop about 74% of
ur sample. Importantly, using the full sample of 378 subjects does not affect our main
onclusion of the superiority of the risk-separation method over the time-separation
ethod. One could also choose different and less strict exclusion criteria than the

nes that we pre-registered. The main results for a set of less strict exclusion criteria
nd for the full sample are provided in Online Appendix D . Note that exclusion rates
or studies estimating preference parameters on representative samples are often only
lightly below ours, despite the fact that they usually have less complex tasks, without
ime and risk dimensions simultaneously (e.g., Booij, Van Praag, and Van De Kuilen
. Our pre-registration specifies that the target number of subjects was 240. If 240 had been reached by 
he end of September 2020, the experiment should have stopped, otherwise continued in October. At the 
nd of September, 205 subjects had completed the experiment. We did not receive the data at this point, 
nly summary information on payments and on the responses from the post-experimental questionnaire. 
ased on this, we asked the LISS panel team to continue the data collection in October to obtain in total 
etween 350 and 400 subjects. Data collection then stopped at the end of October, and we obtained the 
ata in December. 

une 2026
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TABLE 3. Function specifications. 

Specification Parameters 

Utility functions 

Power utility: v(x) = 1x≥0 xα − 1x< 0 λ(−x)α α, λ

Exponential utility: v(x) = 1x≥0 
1 −exp (−αx) 

α
− 1x< 0 λ

1 −exp (βx) 
β

α, β, λ

Probability weighting functions (gains and losses) 

Tversky and Kahneman ( 1992 ): w(p) = pγ

( pγ +(1 −p)γ ) 1 /γ
γ + , γ −

Prelec et al. ( 1998 ): w(p) = exp (−ν(−ln (p))γ ) γ + , γ −, ν+ , ν−

Goldstein Einhorn ( 1987 ): w(p) = νpγ

νpγ +( 1 −p) γ γ + , γ −, ν+ , ν−

Time-discount functions 

Exponential discounting: δ(t ) = exp (−rt ) r
Quasi-Hyperbolic discounting: δ(t ) = 1t=0 + 1t> 0 k exp (−rt ) k, r

Notes: This table shows the formulas for the considered utility functions, probability weighting functions (for 
gains and losses), and time-discount functions. For each function, the table lists the parameters that have to be 
estimated. 
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010 , who use the CentERPanel in The Netherlands, and Guiso and Paiella 2008 , who
se a representative sample in Italy, with exclusion rates of 61% and 57%). 

Out of the exactly 100 subjects that remain in our main analysis, 27 are in
he incentivized treatment and 73 are in the hypothetical treatment. Demographic
ariables of these 100 subjects are similar to the demographic variables of all
ubjects starting the experiment and also of the LISS panel subject pool. Details on
esponses in the post-game survey, the distribution of median decision times, and
emographic characteristics of subjects and the LISS panel subject pool can be found in
nline Appendix D . 

. Estimation Procedure 

ere, we describe the parametric specification, the maximum-likelihood procedure to
stimate the model parameters on the calibration set, the measurement of prediction
erformance on the test set, the calculation of tests and standard errors, and the final re-
stimation of the parameters. The described approach is exactly as in the pre-analysis
lan. 

.1. Parametric Specification 

e consider two families of utility functions, three families of weighting functions,
nd two families of time-discount functions. These are briefly discussed below and

hown in Table 3 . 

https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvaf037#supplementary-data
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TABLE 4. Overview function combinations. 

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 

Value 
Power x x x x x x 
Exponential x x x x x x 

Weighting 
T + K (1992) x x x x 
Prelec et al. 
(1998) 

x x x x 

G + E (1987) x x x x 

Discount 
Exponential x x x x x x 
Quasi hyp. x x x x x x 

Notes: This table shows the twelve combinations of the two types of utility functions, three types of probability 
weighting functions, and two types of time-discount functions. 
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As common in the literature, we assume that the utility function is composed
f a loss aversion coefficient λ and basic utility functions for gains and losses.
e focus on the two most common specifications, power utility (forcing the power

oefficients of gains and losses to be identical, as is common to obtain an interpretable
oss aversion coefficient; e.g., Köbberling and Wakker 2005 ; Tanaka, Camerer, and
guyen 2010 ) and exponential utility. We use three specifications of the probability
eighting functions. The same type of function is always used for gains and losses,
ut we allow the parameters to differ between gains and losses. The first option
e consider is the function used by Tversky and Kahneman ( 1992 ), with only
ne parameter. The second and third weighting functions are the two-parameter
pecifications proposed by Prelec et al. ( 1998 ) and Goldstein and Einhorn ( 1987 ). For
ime discounting, we use exponential and quasi-hyperbolic discounting. As displayed
n Table 4 , we use each possible combination of these functions (there are twelve such
ombinations). 

.2. Maximum-Likelihood Estimation 

ach subject reports a (multi-period) certainty equivalent for a total of 48
otteries, consisting of 36 calibration and 12 test lotteries. We use the certainty
quivalents reported for the calibration lotteries to estimate the model parameters.
onsider model Combination C1 with parameters α, λ, γ + , γ − and r, where the
arameters have the meanings as above (the other model specifications are handled
ccordingly). 

Denote by V (L j | α, λ, γ + , γ −, r) the PT value of the j-th lottery ( L j ), with a given
arametric specification. The (multi-period) certainty equivalent of the lottery, ce j , is a
ertain payout that arises three times (at t = 0 , at t = 1 , and at t = 2 ), so that the three
ayments jointly have a PT value equal to the PT value of the lottery. The PT value of
he certainty equivalent is v(ce j ) + exp (−r) v(ce j ) + exp (−2 r) v(ce j ) , independently
f which application method of prospect theory is used (the payment is certain, there is
hus no probability weighting). Indifference between the certainty equivalent and the
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ottery implies that the certainty equivalent of a lottery can be calculated as 

ce j (α, λ, γ + , γ −, r) = v−1 
(

1 

1 + exp (−r) + exp (−2 r) 
V (L j | α, λ, γ + , γ −, r)

)
, 

ith v−1 denoting the inverse of the utility function. 
Following existing literature (e.g., Hey, Morone, and Schmidt 2009 ; Bruhin, Fehr-

uda, and Epper 2010 ), we write the observed certainty equivalent of subject i , CEi, j ,
s CEi, j = ce j + εi, j (note that we use capital letters for observed data here). We
ssume that εi, j is normally distributed with mean 0 and standard deviation σi, j . We
llow for two sources of heteroskedasticity. First, as the employed set of lotteries
as different payout ranges, we assume that the error variance is proportional to the
ayout range of the lottery. The payout range of lottery j, w j , is calculated as w j =
 LPj,max − LPj,min | , where LPj,max denotes the maximal and LPj,min denotes the minimal
on-discounted sum of payouts of lottery j. Second, as subjects are heterogeneous, we
llow the error variance to differ by subject. This yields the form σi, j = εi w j for the
tandard deviation of the error term, where εi denotes a subject-specific parameter. 

Given our assumptions on the distribution of the error term, the contribution of
ubject i to the likelihood function L can be expressed as 

f (θ, εi | CEi ) =
36 ∏ 

j=1 

1 

σi, j 
ϕ

(
CEi, j − ce j (θ ) 

σi, j 

)
, 

here the vector C Ei = (C Ei, 1 , . . . , C Ei, 36 ) contains the certainty equivalents subject
 reports for the 36 calibration lotteries, and the vector θ = (α, λ, γ + , γ −, r) contains
he parameters of the model. Furthermore, ϕ denotes the density of the standard normal
istribution. Using data from all n subjects, the log-likelihood function is given by 


 (θ, ε| CE ) = log L(θ, ε| CE ) =
n ∑ 

i =1 

log f (θ, εi | CEi ) 

= 

n ∑ 

i =1 

36 ∑ 

j=1 

log 

[
1 

σi, j 
ϕ

(
CEi, j − ce j (θ ) 

σi, j 

)]
, 

here the vector 

C E = (C E1 , . . . , C En ) = (C E1 , 1 , . . . , C E1 , 36 , . . . , C En, 1 , . . . , C En, 36 ) 

ontains the certainty equivalents reported for the calibration lotteries by all n subjects,
nd the vector ε = (ε1 , . . . , εn ) contains the subject-specific error variance parameters.

For the estimation of the parameters, we maximize the log-likelihood function
sing standard iterative algorithms. With this estimation strategy, we simultaneously
stimate the model parameters (α, λ, γ + , γ −, r) and the subject-specific error variance
arameters ε1 , . . . , εn . 
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.3. Measurement of Prediction Performance on the Test Set 

e use the certainty equivalents reported for the twelve test lotteries to measure the
out-of-sample) performance of the two methods. For each of the two methods, we use
he model parameters that were estimated on the calibration set (e.g., ̂ α,̂ λ, ̂ γ + , ̂ γ −,
nd ̂  r ) to predict choices of the certainty equivalents in the test set, 

̂ ce j = v−1 
(

1 

1 + exp (−̂ r ) + exp (−2̂  r ) 
V (L j |̂ α,̂ λ, ̂ γ + , ̂ γ −,̂ r )

)
. 

s measure of prediction performance, we use the (weighted) mean squared errors.
he (weighted) mean squared error of subject i is calculated as 

MSEi = 1 

12 

12 ∑ 

j=1 

(
1 

w j 

(
CEi, j − ̂ ce j 

))2 

, 

here w j = | LPj,max − LPj,min | , as before. The weighting ensures that the error is not
isproportionately driven by lottery choices involving large (absolute) payout amounts.
sing data from all n subjects, we define our main outcome variable as 

M SE = 1 

n 

n ∑ 

i =1 

M SEi . 

ut of all 24 combinations of application method and functional specification, we
onsider the combination best that leads to the lowest MSE. 

The predicted certainty equivalents ̂ ce j and thus MSEi and MSE depend on the
hoice of the application method. We denote by MSET S and MSERS the MSE resulting
rom the evaluation under the time-separation method and under the risk-separation
ethod, respectively (given a combination of utility, probability weighting, and time-

iscount functions). We denote the difference between these two values by 

� M SE := M SET S − M SERS . 

or each of the twelve functional specifications, � MSE indicates whether one
pplication method describes decisions better than the other. 

.4. Statistical Tests, Standard Errors, and Re-Estimation 

o test whether the two application methods differ with respect to their prediction
erformance, we investigate the twelve functional specifications in isolation. For each
pecification, we test whether the difference between the two (weighted) mean squared
rrors, that is, � MSE, is statistically significantly different from 0. The null hypothesis
0 is � MSE = 0 and the (two-sided) alternative hypothesis Ha is � MSE � = 0 . We

est this with (non-parametric) paired bootstrap tests. We draw from our sample with
eplacement to obtain bootstrap samples of the same size as our original sample
resampling is done at the level of subjects). For each bootstrap sample we follow the
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rocedure described above: We first estimate the parameters on the calibration lotteries
nd then calculate the two (weighted) mean squared errors on the test lotteries (one
or each application method). We denote by MSEb,T S and MSEb,RS , the two MSEs
hat are estimated on bootstrap sample b and by � MSEb their difference, � MSEb =
 SEb,T S − M SEb,RS . We reject the null hypothesis if � MSEb ≥ 0 in less than 2 . 5%

f the bootstrap samples or if � MSEb ≤ 0 in less than 2 . 5% of the bootstrap samples.
e also use these bootstrapped samples to provide standard errors of the parameter

stimates. 
In a final step, we pool the data on the calibration and test lotteries (thus making

se of the full 48 certainty equivalents per subject) to re-estimate the parameters. 

. Results 

e first focus on the main result, which is the comparison of the prediction
erformance of the two application methods (Section 5.1 ). Thereafter, we re-estimate
he parameters on the pooled training and test set (Section 5.2 ). Analyses that are pre-
egistered as additional analyses can be found thereafter in Sections 5.3 and 5.4 . In
ection 5.3 , we analyze which components of prospect theory are essential for good
rediction performance and compare the prediction performance to that of EDU. In
ection 5.4 , we analyze a variant of the risk-separation method. We analyze the data
rom both treatments jointly, as they are sufficiently similar (according to the criteria
efined in the pre-analysis plan; details can be found in Online Appendix E.10 ). 10 The
umber of observations for the analyses is 100. 

.1. Time-Separation Method versus Risk-Separation Method 

e first estimate the parameters for each of the twelve combinations separately on
he calibration lotteries. We then use these parameters to compare the prediction
erformance of the methods on the test lotteries. The parameter estimates on
he calibration set are not very different from those on the whole sample
shown in Section 5.2 ), therefore we do not discuss them (they can be found in
nline Appendix E ). 

Figure 7 shows the main result. The figure shows the mean squared errors on the
est set for both methods, for all twelve combinations of function specifications. It can
e seen that the risk-separation method always performs better than the time-separation
ethod. This difference is sizable and highly statistically significant: Figure 8 shows
0. That there is no considerable difference between incentivized and hypothetical choices is in line with 
he literature (e.g., Abdellaoui, l’Haridon, and Paraschiv 2011 ; Noussair, Trautmann, and Van de Kuilen 
014 ; Brañas-Garza et al. 2021 ; Hackethal et al. 2023 ). 
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FIGURE 7. MSE for both application methods (all function combinations). This figure shows mean 
squared errors of the risk-separation and the time-separation method on the test set for all twelve 
function combinations (with bootstrapped 95% confidence intervals). 

FIGURE 8. Difference in MSE between the application methods (all function combinations). This 
figure shows the average differences in mean squared errors (MSE of time-separation method minus 
MSE of risk-separation method) with bootstrapped 95% confidence intervals. 
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TABLE 5. Mean absolute prediction error (by lottery). 

Low-stake lotteries High-stake lotteries 

L7 L8 L15 L16 L23 L24 L31 L32 L39 L40 L47 L48 

Payout range 23 20 23 20 30 50 467 400 467 400 600 1000 
Mean error time-separation method 6 8.1 7.3 5.6 7.9 16.6 144.7 148.6 146.4 124.6 180.3 319.5 
Mean error risk-separation method 5.2 5.6 6.1 5.6 7.2 14.6 108.7 118.1 114.4 115.1 150.7 276.7 

Notes: The mean absolute prediction error of Lottery j is calculated as mean (| CEi, j − ̂ ce j | ) , with CEi, j denoting 
the certainty equivalent subject j reported for lottery j and ̂  ce j denoting the predicted certainty equivalent resulting 
from the parameters estimated on the calibration set. 
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he difference between the mean squared errors jointly with bootstrapped 95%
onfidence intervals. 11 

The difference in prediction performance is not driven by a particular subset of the
est lotteries. For each of the twelve combinations, the risk-separation method has a
ower MSE than the time-separation method for each single test lottery ( Table E.2 in
he online appendix contains the MSE per lottery for each function combination). 

To illustrate the fit of the predictions jointly with the difference in prediction
erformance, Table 5 shows mean absolute prediction errors (in euros) on a lottery-
y-lottery basis for all test lotteries (for the combination of functional forms C1;
able E.1 in the online appendix contains the absolute error per lottery for all twelve
ombinations of functional forms). Considering the absolute error in relation to the
ayout range of a lottery, the absolute error for the risk-separation method is in the
ange of 20%–30% of the payout range for all lotteries. 

One can also illustrate the difference by classifying subjects as time-separation
r risk-separation types. If the MSE of one subject for one method is greater than
he MSE for the other with a difference of at least one standard error (of the MSE
ifference between the two methods), a subject is classified as a time-separation or
 risk-separation type (otherwise, the subject remains unclassified). Table 6 displays
he results. For all twelve combinations, the vast majority of subjects are classified as
isk-separation type. The share of risk-separation types ranges from 81% to 89%, with
% to 18% unclassified and 1% to 10% time-separation types. Figure E.1 in the online
ppendix displays the distribution of the difference between the two MSEs, showing
hat these are sizable for a majority of the subjects. 

Interpreting the results, we believe that there are two main reasons why the
isk-separation method predicts choices better. First, separating different outcome
treams may be more natural for people than separating different time periods (as
1. The pre-registration states that we also provide a test in which we compare the best performing of 
he twelve combinations for the risk-separation method with the best performing combination for the time- 
eparation method. This difference is naturally also significant because the performance of the function 
ombinations C1–C12 within one application method is very similar (which can be seen from Figures 7 
nd 8 ). 
n a few cases the predictions of the time-separation method are so extreme that they fall outside of the 
lider limits. In these cases we replace the predictions by the slider limits (not adjusting the prediction 
ould lead to an even larger difference in MSE between the two methods). 

une 2026
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TABLE 6. Subject types. 

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 

Time-separation types 10 5 1 1 1 1 5 5 2 1 2 2 
Risk-separation types 81 85 84 81 89 88 87 87 86 89 88 88 
Unclassified 9 10 15 18 10 11 8 8 12 10 10 10 

Notes: Subject i is classified as time-separation type if MSERS 
i − SE(� MSE ) > MSET S 

i or as risk-separation type 
if MSET S 

i − SE(� MSE ) > MSERS 
i . SE(� MSE ) denotes the standard error of the difference in MSE between the 

two methods. 
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rgued in Li, Rohde, and Wakker 2024 ). Separating outcome streams seems relatively
traightforward, as the different outcome streams are disjoint probabilistic events (if
ne outcome stream is realized, no other outcome stream can be realized). Separating
ime periods seems difficult because these are not independent. To illustrate the
omplexity of the time-separation method, imagine that a probability of an outcome
n the first period of a lottery changes. This change does not only affect probabilities
or the first period, but also in general the (compound) probabilities of outcomes in
ll later periods. Second, while both methods contain compound probabilities, the
ime-separation method involves more different probabilities than the risk-separation

ethod (often, the compound probabilities involved in the risk-separation method are a
ubset of the probabilities involved in the time-separation method—those used for the
T value of the last time period only). Both of these reasons have in common that the

ime-separation method may be considered more complex (and thus less intuitive) than
he risk-separation method (for evidence that complexity plays a role in intertemporal
hoice in a different setting, see Enke, Graeber, and Oprea 2023 ). 12 

.2. Parameter Estimates 

ere, we present and discuss the parameter estimates from the re-estimation on
he full set of lotteries for the risk-separation method (those for the time-separation

ethod can be found in Online Appendix E ). Which utility function and which of
he two-parameter weighting functions are used have only minor implications for the
hapes of the calibrated functions. We therefore only show the parametrizations of
he four combinations that employ a power utility and either one-parameter weighting
unctions, as suggested by Tversky and Kahneman ( 1992 ), C1 and C2, or two-
arameter weighting functions suggested by Goldstein and Einhorn ( 1987 ), C5 and C6.
2. Note that we do not consider it essential that subjects actually compute the compound probabilities. 
he weighting of probabilities is an irrational and inexact process anyway (it may be considered a 
isperception or misrepresentation of probabilities). Thus, it will be sufficient for the models to be useful 

f subjects follow reasoning based on heuristics leading to imprecise representations of the involved 
robabilities. For instance, in the risk-separation method, subjects may consider outcome streams and 
ssign (consciously or unconsciously) rough estimates of the objective compound probabilities to these 
utcome streams. In atemporal prospect theory, an imprecise non-mathematical process (probability 
eighting) is described successfully by a mathematical formula–in intertemporal situations, a slightly more 

mprecise process (the forming of rough estimates of the probabilities plus their weighting) may similarly 
e successfully described by a mathematical formula. 

 10 June 2026
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TABLE 7. Overview parameter estimates on full sample (48 lotteries). 

Value Weighting Discounting 

Combination α β λ γ + γ − ν+ ν− r k

C1 1.195 1.069 0.535 0.552 0.118 
(0.068) (0.096) (0.045) (0.059) (0.036) 

C2 1.172 1.065 0.548 0.565 0.011 0.863 
(0.060) (0.113) (0.042) (0.057) (0.025) (0.042) 

C5 1.091 1.037 0.426 0.448 0.766 0.785 0.070 
(0.035) (0.124) (0.066) (0.073) (0.072) (0.070) (0.028) 

C6 1.085 1.101 0.424 0.451 0.786 0.796 0.001 0.885 
(0.029) (0.163) (0.069) (0.073) (0.073) (0.068) (0.010) (0.042) 

Notes: This table shows the parameter estimates on the full set of lotteries (calibration plus test set) for the risk- 
separation method, for four selected function combinations. Standard errors are shown in parentheses. Estimates 
for all twelve function combinations and for the time-separation method can be found in Online Appendix E . 
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1 and C5 use exponential time-discounting, C2 and C6 quasi-hyperbolic discounting.
he estimates are shown in Table 7 . The estimates for all twelve model combinations
an be found in Online Appendix E . 

tility Function. The utility functions consist of basic utility functions for gains and
osses and a loss aversion parameter ( λ). The basic utility functions are in general
lose to linear, with utility in the gain domain mostly slightly convex and in the
oss domain slightly concave (for the four combinations C9 to C12 that employ an
xponential utility and two-parameter probability weighting functions, the estimated
tility is slightly concave for gains and convex for losses, see the full Table E.4 in the
nline appendix). In the atemporal literature, the utility for gains is generally found
o be concave, and that for losses to be convex or linear. However, similar shapes
ave already been observed in the atemporal literature. 13 The second component of
he utility function is the loss aversion parameter λ. The loss-aversion parameters are
n average only slightly above 1. 14 This is lower than what is usually observed in the
temporal literature. 15 
3. Bruhin, Fehr-Duda, and Epper ( 2010 ), for instance, calibrate a combination of Goldstein–Einhorn 
eighting functions and power utility, as our C5 and C6, with very similar estimates of weighting and 
tility functions, including basic utility that is convex for gains and concave for losses. 

4. A potential explanation for such a low loss-aversion coefficient could be that subjects may aggregate 
osses and gains rather than evaluating these in isolation. Suppose, for instance, that an outcome stream 

ields 60 at t = 1 and −40 at t = 2 . If subjects aggregate gains and losses, the evaluation of the stream 

hould (neglecting time discounting) be close to the evaluation of a payout of 20 at t = 1 and no payout at 
 = 2 . The risk-separation method (as also the time-separation method), however, transforms each outcome 
o a utility term before aggregating. A version of the risk-separation method (pre-registered as additional 
nalysis) calculating present values (in monetary terms) before entering them in a utility function is treated 
elow in Section 5.4 . Estimates of the utility function with that version are similar to those obtained with the 
egular risk-separation method (loss aversion coefficients are only slightly higher), so that this explanation 
oes not seem to be the main driver of such low loss-aversion coefficient. 

5. According to a recent meta study (Brown et al. 2024 ), the median loss-aversion parameter among 286 
ggregate level studies is about 1.5. However, the few studies that estimate loss aversion in an intertemporal 
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FIGURE 9. Estimated probability weighting functions. This figure shows the estimated weighting 
functions for gains for function combinations C1 and C5 (for the risk-separation method). C1 and 
C5 both use a power utility function and exponential discounting. 
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robability Weighting Functions. The calibrations of the probability weighting
unctions turn out to be very similar for gains and for losses for all function
ombinations, suggesting that one can use the same functions in the gain and in the
oss domain (reducing the number of model parameters). For all specifications, an
nverse S-shape is found, as common in the atemporal literature. The shapes of the
eighting functions are also similar across the different specifications, with the two-
arameter weighting functions ascending faster for low values than the one-parametric
versky–Kahneman specification. Figure 9 displays the estimated weighting functions

or gains for model combinations C1 and C5 as illustrations. In general, our estimates
f probability weighting functions are very similar to those estimated in atemporal
ontexts (e.g., Booij, Van Praag, and Van De Kuilen 2010 ; Bruhin, Fehr-Duda, and
pper 2010 ). 

ime-Discount Function. Exponential discounting and quasi-hyperbolic discounting
ead to very similar prediction performances in our setting. The estimates for
xponential discounting reach from zero to about 12% per quarter. Estimates for
ontext also find loss-aversion coefficients closer to 1 (Abdellaoui et al. 2013a ;Abdellaoui, l’Haridon, and 
araschiv 2013b ). Chapman et al. ( 2025 ) find that there is less loss aversion among the general population 

han among people with high cognitive ability (such as the typical student subject pools). 

art/jvaf037_f9.eps
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uasi-hyperbolic discounting reach from no discounting at all to discounting all future
ayments by about 15% (with very small additional exponential discounting). These
iscounting patterns are similar to those found in riskless intertemporal decision tasks,
s reported in the recent meta study by Matousek, Havranek, and Irsova ( 2022 ). 

arameter Calibrations for Applications. In applications in which one is only
nterested in predictive power (possibly favoring a combination with few parameters),
ne could use the following specification of a power utility and Tversky–Kahneman
robability weighting functions for gains and losses, combined with an exponential
iscounting of 12% per quarter: 

v(x) = 1 (x ≥ 0) x1 . 20 − 1 (x < 0)1 . 07(−x)1 . 20 , 

and w+ (p) = w−(p) = p0 . 54 (
p0 . 54 + (1 − p)0 . 54 

)1 / 0 . 54 

labeled combination C1 in Table 4 ). 16 As alternative, if one prefers to use a two-
arametric probability weighting function to allow for more flexibility (for theoretical
rguments in favor of a two-parametric function, see Fehr-Duda and Epper 2012 ),
ne may want to use the following specifications of a power utility and Goldstein–
inhorn weighting functions, combined with exponential discounting of 7% per
uarter: 

v(x) = 1 (x ≥ 0) x1 . 09 − 1 (x < 0)1 . 04(−x)1 . 09 , 

and w+ (p) = w−(p) = 0 . 78 p0 . 44 

0 . 78 p0 . 44 + ( 1 − p) 0 . 44 

C5). This specification has a prediction performance that is almost as good as the
pecification mentioned earlier, and the parameter values seem intuitively more natural
nd are more closely aligned with the atemporal literature (they are, for instance, very
imilar to the estimates of Bruhin, Fehr-Duda, and Epper 2010 ). 

.3. Relative Importance of the Components of Prospect Theory 

ere, we analyze how the prediction performance deteriorates when the probability
eighting functions are assumed to be linear, when there is no loss aversion, or when

he utility functions are linear (with all free parameters estimated anew). We also
ompare the prediction performance to that of EDU maximization. We only show the
6. This is the combination with the best out-of-sample explanatory power. It is also the combination 
ith the lowest number of parameters. The calibration stems from the whole set of lotteries—in the exact 

alibration (Table 7 ), the parameters for the weighting functions for gains and losses are 0.535 and 0.552, 
espectively. As these values are so close, we believe that it is reasonable to use the same parameter in the 
ain and loss domains (the argument for using identical specifications of weighting functions for gains and 
osses also applies to other specifications). 

 2026
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FIGURE 10. MSE risk-separation method, PT components (all function combinations). This 
figure compares the prediction performance of the risk-separation method to versions of it with some 
components absent and to expected utility theory (parameters are estimated anew for each method). 
The versions are (from left to right for each of the twelve function combinations) the risk-separation 
method with all components (“PT: All Components”), with linear utility for gains and losses still 
including a loss-aversion parameter (“PT: Linear Utility”), with a loss-aversion parameter of 1 (“PT: 
No Loss Aversion”), with linear-probability weighting (“PT: Linear Probability Weighting”), with 
linear utility for gains and losses and a loss-aversion parameter of 1 (“PT: Linear Utility and No Loss 
Aversion”); on the right, expected discounted utility is shown (“EDU”). 
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esults for the risk-separation method, an investigation for the time-separation method
an be found in Online Appendix E.7 . 17 

The results are shown in Figure 10 . The prediction performances of models
ith linear utility for gains and losses (“PT: Linear Utility”; this model allows for
 loss aversion coefficient different from one) or no loss aversion (“PT: No Loss
version”) are almost identical to the performance of the full PT application (“PT:
ll Components”). The same holds if utility is not only required to be linear for gains
7. The analyses in Sections 5.3 and 5.4 are described as additional analyses in the pre-analysis plan 
with little detail; the analysis is kept as similar to the main analysis as possible). The core design feature 
f our calibration set is that the calibrations are the same for time-separation and risk-separation method. 
n addition, the test lotteries are such that the two methods over- or undervalue the lotteries to a similar 
xtent with typical atemporal calibrations. These features ensure that our design does not favor one of the 
wo methods. Both features, however, do not hold when also considering other methods (including EDU). 
herefore, the comparison here differs as follows. 
e randomly select six of the eight lotteries from each set, implying a total of 36 lotteries, as the new 

alibration lotteries. We repeat this random selection process ten times. For each of these ten repetitions 
he 36 calibration lotteries are used to calibrate a models’ parameters. The other twelve lotteries (two per 
et) are used as test lotteries to compare the predictive performance, measured by the (weighted) MSE. The 
umbers of calibration and test lotteries are therefore the same as in the main analysis. We denote by MSESi 

he (weighted) MSE of the random selection Si , i ≤ 10 . The main outcome variable is the mean of these ten 
alues, M SE = 1 

10 

∑ 10 
i =1 M SESi . Bootstrapped confidence intervals for the MSE are obtained as in the main 

nalyses. 
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nd losses, but on the whole domain, including the absence of loss aversion (“PT:
inear Utility and No Loss Aversion”). This implies that utility curvature and loss
version can be omitted if a more parsimonious model is desired. However, forcing
inear-probability weighting (“PT: Linear Probability Weighting”) predicts decisions
ignificantly worse. 18 These findings are in line with the parameter estimates discussed
n Section 5.2 , which exhibit almost linear utility with a loss aversion parameter close
o 1 and highly non-linear probability weighting functions. 

We also compare the prediction performance of the risk-separation method to that
f standard EDU models. Figure 10 shows that EDU predicts decisions significantly
nd considerably worse than the risk-separation version of prospect theory, with
SEs that are about 25% higher (for all combinations of functional forms, except

or the combinations C7 and C8, where the MSE is about 20% higher for EDU). The
rediction performance of the time-separation method turns out to be almost identical
o that of EDU (for details, see Figure E.2 in the online appendix). 

.4. Risk-Separation Present-Value Method 

n addition to the two main methods, we also analyze a variant of the risk-
eparation method (as described in the pre-analysis plan), which we call risk-separation
resent-value method. Whereas the regular risk-separation method calculates the
iscounted utility of an outcome stream (before probability weighting plays a role) as
 V (o j ) =

∑ T −1 
t=0 δ(t ) v (o j,t ) , the risk-separation present-value method calculates the

orresponding term as P V (o j ) = v
(∑ T −1 

t=0 δ(t ) o j,t 

)
. That is, instead of calculating

he term by discounting the utility obtained each period, it first calculates a present
alue in monetary terms and then transforms this into utility (this happens again before
robability weighting plays a role). 19 

To illustrate how these methods can differ with a square root utility function
for gains and ignoring time discounting), consider the following outcome streams in
onetary terms: first, a stream with 9 monetary units in each of the three time periods;

econd, a stream with 81 monetary units in the first period and 0 in the other two
eriods. The regular risk-separation method assigns a utility value of 9 to both streams
calculated as 

√ 

9 + √ 

9 + √ 

9 for one stream and as 
√ 

81 + √ 

0 + √ 

0 for the other
tream). The risk-separation present-value method assigns a utility value of 

√ 

27 to the
rst stream (calculated as 

√ 

9 + 9 + 9 ) and a utility value of 
√ 

81 = 9 to the second
tream (calculated as 

√ 

81 + 0 + 0 ). 
8. Several of the MSE bars in Figure 10 are identical across the function combinations. For instance, 
hen utility is assumed to be linear, there is no more distinction between power utility (C1–C6) and 

xponential utility (C7–C12). For EDU, there are even only two specifications: one with power utility 
C1–C6) and one with exponential utility (C7–C12), as there is neither probability weighting nor hyperbolic 
iscounting. 

9. The “time-first” specification in Rohde and Yu ( 2024 ) can be restricted to become the regular risk- 
eparation method or the risk-separation present-value method. If there is no time discounting, the risk- 
eparation present-value method corresponds to the prospect theory applications in Barberis ( 2012 ), Ebert 
nd Strack ( 2015 ), and Heimer et al. ( 2021 ). 

 10 June 2026

https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvaf037#supplementary-data
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FIGURE 11. MSE for the risk-separation method and the risk-separation present-value method. 
This figure shows mean squared errors of the risk-separation present-value and the (regular) risk- 
separation method on the test set for all twelve function combinations (with bootstrapped 95% 

confidence intervals). 
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The risk-separation present-value method seems natural because the outcomes of
he lotteries are of a monetary nature, and money can be transferred from one period to
nother. The time discounting allows for the value of monetary payments to be different
rom period to period, but there is no motive for the decision maker to smooth payouts
cross periods (as would be the case with concave per-period utility functions in the
egular risk-separation method). Therefore, we find the risk-separation present-value
ethod intuitive for settings with financial outcomes; in contrast, we find the regular

isk-separation method more intuitive if the outcomes are not of a monetary nature but
nal consumption, which cannot be transferred from one period to another. 

Figure 11 shows the predictive power of the risk-separation present-value method
nd the regular risk-separation method. 20 It can be seen that the predictive power of
he two risk-separation methods is virtually identical. 

stimated Functions. We also estimate the functions for the risk-separation present-
alue method on the full set of lotteries. As the choice of the utility and two-
arameter probability weighting functions has again only minor implications, we only
how combinations C1, C2, C5, and C6 in Table 8 , as before (for estimates of all
ombinations, see Online Appendix E ). 
0. The comparison is again based on ten random draws of calibration and test lotteries, as in Section 5.3 
the degrees of freedom are always identical for a given combination of functional forms). 

art/jvaf037_f11.eps
https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvaf037#supplementary-data
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TABLE 8. Calibration risk-separation present-value method. 

Value Weighting Discounting 

Combination α β λ γ + γ − ν+ ν− r k

C1 1.179 1.134 0.579 0.592 0 
(0.272) (0.326) (0.085) (0.094) (0) 

C2 1.193 1.622 0.577 0.577 0 1 
(0.273) (0.327) (0.085) (0.094) (0) (0.002) 

C5 0.916 1.034 0.404 0.406 1.037 1.05 0.042 
(0.069) (0.228) (0.096) (0.105) (0.109) (0.118) (0.026) 

C6 0.915 1.087 0.407 0.422 1.03 1.049 0.002 0.939 
(0.068) (0.216) (0.098) (0.106) (0.106) (0.119) (0.008) (0.037) 

Notes: This table shows the parameter estimates on the full set of lotteries (calibration plus test set) for the 
risk-separation present-value method, for four selected function combinations. Estimates for all twelve function 
combinations can be found in Online Appendix E . 
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The estimated parameters are overall similar to those of the regular risk-separation
ethod (Table 7 ). There are some differences, however. The loss-aversion coefficient

s, on average, slightly higher for the risk-separation present-value method. This makes
ntuitively sense if one considers loss aversion to be present at the “overall” level rather
han in each period: the loss-aversion coefficient in the risk-separation present-value

ethod captures aversion to losses when the payouts over the periods are summed up
after discounting), while the loss-aversion coefficient in the regular risk-separation
ethod captures aversion to losses within each period. While the utility is still mildly

onvex for gains and mildly concave for losses for the combinations that employ the
ne-parameter weighting function, the utility is now mildly concave for gains and
ildly convex for losses for combinations that employ a two-parameter weighting

unction. Estimated utility functions are still close to linear, as for the regular risk-
eparation method. This explains the similarity of the prediction performance of the
wo risk-separation methods: for linear utility (with a loss-aversion coefficient of 1),
oth risk-separation methods give identical results. 

For all combinations, the curvature parameters of the probability weighting
unctions ( γ + and γ −) are almost identical to those estimated for the regular risk-
eparation method. All functions, thus, again have an inverse-S shape. 

Estimates of time discounting are a bit lower for the risk-separation present-value
ethod than for the regular one. For exponential discounting, estimated discounting

er quarter reaches from 0% to about 7% . For quasi-hyperbolic discounting, all
uture outcomes are estimated to be discounted by 0% to about 12% (with very little
dditional exponential discounting). 

arameter Calibration for Applications. For applications of this method, one could
se the following specification of a power utility and Goldstein–Einhorn weighting
unctions, combined with exponential discounting of 4% per quarter: 

v(x) = 1 (x ≥ 0) x0 . 92 − 1 (x < 0)1 . 03(−x)0 . 92 , 

and w+ (p) = w−(p) = 1 . 04 p0 . 40 

1 . 04 p0 . 40 + ( 1 − p) 0 . 40 

https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvaf037#supplementary-data
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C5). This specification has very high explanatory power and intuitive parameter
stimates. 

. Sketch of an Application Example 

hich method is used in applications cannot only lead to minor differences in
uantities, but the two methods may even lead to opposite conclusions. Assume, for
xample, an insurable unfavorable event (a loss) that may occur in any of several
ime periods. The event occurs with relatively small probability in any single time
eriod, but the probability that the event occurs at one point in time is large. The time-
eparation method would then predict overinsurance because the small probability of
n event in any single time period would be overweighted. The risk-separation method
ould predict underinsurance because the joint probability of outcome streams with

n event at some point in time is large and would be underweighted. 
An example of such a situation is, for instance, (private) long-term care insurance.

ong-term care is one of the greatest financial risks that people (especially the elderly)
ace in many countries, including the U.S. (e.g., Brown and Finkelstein 2011 ). Between
 third and half of the elderly enter a nursing home at one point in their life (while the
robability for this to happen is relatively small in any single year). Given the size
f the costs (staying in a private room in a nursing home for the average duration of
bout two years in the U.S. costs about $200,000), there is a case for risk pooling.
owever, only between 10% and 20% of the elderly are covered by private long-

erm care insurance. There is thus underinsurance in this market (see Ameriks et al.
016 ; Brown and Finkelstein 2011 ). This underinsurance is in line with people making
ecisions with the risk-separation method, but it stands in contrast to people making
ecisions with the time-separation method. 

. Concluding Remarks 

ur pre-registered experiment on a representative sample of the Dutch population tests
he performance of applications of prospect theory in intertemporal settings. We find
hat the risk-separation method (aggregating first over time) performs much better than
he time-separation method (aggregating first over risk). The risk-separation method
lso performs much better than EDU, which has a prediction performance that is almost
dentical to that of the time-separation method (with mean squared errors about 25%
igher than for the risk-separation method). 

We also estimate utility, probability weighting, and time-discount functions. We
nd very low levels of loss aversion and almost linear utility functions. Probability
eighting functions in our study are as in the typical atemporal settings. While the

hoice of risk-separation method or time-separation method has a sizable impact on the
xplanatory power, the choice of the functional forms of utility, probability weighting,
nd time-discounting functions has only a negligible effect on the explanatory power.
e provide parameter estimates for twelve combinations of functional forms. 
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We also compare these two application methods to a variant of the risk-separation
ethod, the risk-separation present-value method. This variant calculates present

alues in monetary terms before assigning them a utility value, instead of aggregating
tility terms from different periods. We consider this a natural way of applying prospect
heory when the payouts are of a financial nature, as money can be transferred from one
eriod to another. This variant performs as well as the regular risk-separation method.
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