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NON-TECHNICAL SUMMARY 

Growing credit card debt can be a source of substantial financial difficulty for some borrowers and 

their families. For many, the growth of credit card debt may stem from the choice to make only the 

lowest possible repayment that satisfies their credit agreement each month: the minimum repayment. 

One reason borrowers may pay the minimum amount is that they simply do not have the ability to 

repay more. However, borrowers may also be motivated by behavioural factors such as acting over-

optimistically, ‘anchoring’ on the minimum repayment or not fully understanding the implications for 

future debt accumulation when paying the minimum. This paper investigates the capacity of a 

financial tool called Prize Linked Debt (PLD) to increase debt repayments amongst those who make 

the minimum repayment but are not constrained to doing so, using an online experiment with 858 

participants. 

PLD entails a prize threshold set above the credit card minimum repayment threshold. A borrower 

can become eligible to win a prize with lottery-like odds by repaying on or above the prize threshold. 

PLD is tested in this paper by offering participants in an online experiment a series of financially 

incentivized decisions. All participants make a set of three decisions which are the same between 

participants. In a second set of decisions otherwise identical to the first, some participants are offered 

the PLD and some are not. A prize threshold set on average 37% above the minimum increases 

repayments by 31% for those offered PLD compared to those who are not, amongst participants who 

repaid the minimum before being offered PLD. The probability of repaying the minimum falls by 69.1% 

for this population. 

Examining the PLD further, three aspects make up the effect: financial advice to pay more than the 

minimum, the suggestion of a specific amount to repay (‘anchoring’) and the ‘skewness’ of the 

financial incentive (e.g. the difference between a 5% chance of winning $400 compared to a 50% 

chance of winning $40 compared to a guaranteed $20). All of these characteristics are tested in the 

experiment by offering some participants a promotion which replicates one of the above aspects of 

the PLD and comparing repayments between this group and the group of people who were offered 

the full PLD. The advice effect makes up roughly half of the PLD effect, while anchoring does not 

contribute much more than this. Evidence for the effects of skewness are inconclusive. 

Some credit card issuers have explored tools to proactively increase repayments amongst borrowers 

who have problematic debt. These tools (for example, sending reminders to borrowers when payments 

are due) aim to help borrowers who pay the minimum not because they cannot pay more, but for 

behavioural reasons. PLD provides an additional tool that policy-makers or financial institutions can 

use to increase repayments amongst borrowers who consistently make low repayments. PLD would be 

preferable to, for example, raising the minimum, as no cost is imposed on those who are unable to 

increase their repayments. Implementations of PLD should seek to diminish the possibility of 

borrowers trying to ‘game’ their way into the program by making low repayments. 
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ABSTRACT 

A significant proportion of credit card users persistently make low repayments on their 

debt. This paper tests whether a financial tool known as Prize Linked Debt (PLD) can 

increase credit card debt repayments amongst borrowers who repay the minimum, using 

an online experiment. PLD entails a prize threshold set above the credit card minimum 

repayment threshold. A borrower can become eligible to win a prize by repaying on or 

above this prize threshold. A prize threshold set above the minimum increases repayments 

by 31% amongst borrowers who repaid the minimum before being offered PLD. The 

probability of repaying the minimum falls by 69.1% for this population. This effect is 

driven by financial advice, anchoring and the skewness of the financial incentive. 
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1 Introduction

Debt can be a useful tool that allows consumers to overcome liquidity constraints and smooth

consumption over their lifetimes. Without careful management however, this tool can be-

come a burden. The lowest amount that a borrower can repay on a consumer credit card

while still complying with the credit agreement is referred to as the ‘minimum repayment’.

In the US, 29% of credit card accounts make repayments on or close to the minimum in most

months (Keys and Wang, 2019). Repeatedly making minimum credit card repayments is a

costly practice due to compounding interest and the extended time needed to fully repay the

debt. Higher debt due to low repayments can make households more sensitive to macroe-

conomic downturns (Jappelli et al., 2013) and can lead to a transition to debt delinquency

(Australian Securities & Investments Commission, 2018). High levels of debt can also harm

individuals’ physical and mental health and negatively impact their spousal relationships and

children’s development (Keese and Schmitz, 2014; Wesley Mission, 2015; Berger and Houle,

2016; Strohschein, 2005; Dew, 2007, 2008).

Whilst some borrowers may make minimum repayments because they simply cannot afford

to repay more (i.e. they are subject to binding liquidity constraints), other borrowers may

pay the minimum for behavioural reasons. They may make financial mistakes, act over-

optimistically, ‘anchor’ on the minimum or display time-inconsistent preferences (Soll et al.,

2013; Stango and Zinman, 2009; Jørring, 2018; Keys and Wang, 2019; Kuchler and Pagel,

2018). Recognising these issues, recent literature has increasingly focused on behavioural

solutions to increasing debt repayment. Examples include decision aids, automatic planning

prompts, commitment devices, reminders and interest rate reduction promotions (Karlan and

Zinman, 2012; Mazar et al., 2018; Collins et al., 2018).

This paper contributes to the literature by exploring the capacity of a behaviourally

informed tool called Prize Linked Debt (PLD) to increase credit card repayments amongst

those who typically repay the minimum despite not being bound by financial constraints.1

PLD offers borrowers prize-linked incentives for making higher debt repayments. This paper

tests PLD using an online experiment, looking at participants’ choices in an incentivized

two-period decision context across seven treatment groups. This paper seeks to answer

two questions: can PLD increase debt repayments amongst people who make minimum

repayments and if so, what aspects of the PLD drive this increase?

PLD in this paper refers to a promotion that offers entry into a prize draw with lottery-

1PLD type products have previously been considered in Sussman and O’Brien (2015) and Burke (2019).
However, this paper is the first to consider PLD as contingent on a repayment threshold and to decompose
the effect of such a PLD in a laboratory setting.
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like odds for borrowers who make a credit card repayment that is equal to or greater than

a threshold which is set above the minimum repayment. A credit card issuer could select

a sample of borrowers to whom PLD can be offered from those who have made minimum

or near-minimum repayments for several months. PLD therefore incentivises those who

typically repay the minimum to make higher repayments than what they were already making.

Borrowers who are offered PLD are told a prize threshold repayment amount. If a borrower

makes a repayment on or above the prize threshold, the borrower is entered to win a prize

in a lottery run by the credit card issuer. The prize could be drawn in the next statement

period or at the end of the year. The theoretical underpinnings of the PLD which encourage

higher debt repayments are closely related to the underpinnings of Prize Linked Savings

(PLS) accounts which drive greater savings (Tufano et al., 2011; Cole et al., 2017; Atalay

et al., 2014).

The results of the experiment shows that PLD has a significant positive effect on debt

repayments. Amongst borrowers who initially repaid the minimum, a prize threshold set on

average 37% above the minimum repayment increases payments by 31% compared to the

repayments of those who were not offered the PLD product. The probability of repaying the

minimum falls by 69.1% for this population. Around half of this effect can be attributed

to the provision of advice that repaying more than the minimum is generally financially

beneficial (with or without a suggestion of specifically how much to repay). The remaining

half of the PLD effect can be explained by the prize incentive. However, the evidence on how

the skewness of the prize incentive influences the effectiveness of PLD is ambiguous.

Section 2 of this paper presents the experimental design and summary statistics, followed

by a formal statement of the hypotheses in Section 3, which are theoretically derived in

Appendix A. Section 4 presents the results of the experiment and Section 5 discusses the

research and policy implications.

2 Experimental design

The experiment was run on 25 September 2019 with a sample of 858 respondents randomly

allocated to seven treatments. Instructions for the full experiment can be found in Appendix

D.2 The experiment was run online on Amazon Mechanical Turk (MTurk).3 An MTurk

2The same experiment seen by participants can be accessed at: https://sydney.au1.qualtrics.com/

jfe/form/SV_4UBbN0cEnDURnUN
3MTurk has become a popular tool for conducting economics experiments (e.g. DellaVigna and Pope,

2018; Kuziemko et al., 2015; Atalay et al., 2014) and generally produces similar results to those obtained in
physical laboratory experiments (Horton et al., 2011; Arechar et al., 2018).
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online experiment has several advantages over a physical lab setting. MTurk users have

a lower average income than the US population and thus more closely match the target

demographic of PLD compared to, for example, university students (Difallah et al., 2018).

Additionally, treatments can all be run simultaneously, so there is no order, time of day or

day of week effects that differ across the treatment conditions.

2.1 Overview

In this experiment, subjects were asked to make six different decisions, three prior to, and

three after the manipulation. In each decision, subjects had to indicate how much debt

they would pay back in the first period, and would then have to pay the rest back in the

second period. The three decisions prior to the manipulations only differ in the parameters

(discussed below) and the three decisions after the manipulation repeat the original three

decisions but with the addition of the treatment. Subsection 2.1.1 explains what information

was involved for each decision and how the debt repayment affected the subject’s earnings,

2.1.2 discusses the specific parameters for each of the three decision and 2.1.3 outlines the

seven treatment manipulations. Each participant proceeds through several stages of the ex-

periment: instructions, comprehension questions to test understanding of the instructions,

pre-treatment decisions, instructions to explain the treatment, treated decisions and finally a

questionnaire. Around 84.7% of participants scored either 5/6 or 6/6 for the comprehension

questions. To motivate participants to pay close attention to the instructions, they were told

that five participants would be randomly chosen to receive $5 for every comprehension ques-

tion they answered correctly. The questionnaire also contained an attention-check question

which only 1.7% of participants failed.

2.1.1 The debt repayment decision:

For each of the three decisions before and after the treatment manipulation, participants

decide how much debt to repay in a manner similar to Fisher’s (1930) two-period model

with no income uncertainty. In each of Periods i = {1, 2}, the participant is exogenously

given some income yi . At the start of Period 1, participants are exogenously given some

level of debt D which must be paid off over the two periods. There is no option to default.

Participants pay interest r on any unpaid debt they hold over to Period 2. Participants are

also told a minimum repayment threshold M . Participants who repay less than M will be

subject to a fee z which must be paid in Period 2. At the time a participant has to choose

the amount of debt to repay in Period 1, all parameters (y1, y2, D, r,M, z) are known to the
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participant.

2.1.2 The parameters for the three decisions:

In each decision the participants are given the following information:

• Period 1 income (y1)

• Period 2 income (y2)

• Debt (D)

• Interest rate (r)

• Minimum repayment threshold (M)

• Penalty for paying below the minimum (z)

With this information, participants then decide how much debt to pay off (denoted P ).

Based on this choice, the participant’s potential earnings are:

Period 1 earnings = y1 − P

Period 2 earnings = y2 − (1 + r)(D − P )

To avoid any confusion or uncertainty about the consequences of their choice, when a par-

ticipant types in their repayment amount, they are immediately shown the implications of

their choice before submitting, including how much money they will earn in each period,

the amount of debt they will carry over, the interest on that debt and the penalty fee they

would incur if paying below the minimum. Participants can then finalise their choice, or they

can enter a different debt repayment amount as often as they like, seeing the consequences

each time and only finalise when they are ready. The pre-treatment and treated decision

sections each contain three corresponding decisions which use the same base parameters in

each section. These parameters are shown in Table 1.4 The order in which participants saw

the three decisions in each section was randomised. An example of the participants’ decision

screen is shown in Appendix D.

4Note that in all three decisions participants cannot fully pay the entire debt in Period 1 and if they
choose to pay nothing in Period 1, they will still have enough income to pay the entire debt plus interest and
the penalty fee in Period 2.
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Table 1: Pre-treatment decisions

y1 y2 D M z r
Q1 100 250 150 60 20 5%
Q2 125 225 150 75 20 5%
Q3 100 250 150 40 10 1%

2.1.3 The treatments:

For the treated decisions, each participant is randomly assigned to one of seven different

treatments: Baseline, Baseline Plus Advice, Anchoring, PLD (high skew), PLD (low skew),

Expected Value or Higher Minimum. First, the Baseline treatment gives participants the

same decisions as in the pre-treatment in order to check if participants’ preferences change

between the first and second set of decisions, absent any change in the decisions. This is an

important control as subjects might rethink their pre-treatment decisions for reasons other

than exposure to a treatment.

The Baseline Plus Advice treatment explains the high costs of incurring interest to par-

ticipants before they make their treated decisions. The treatment includes an example that

shows how consistently paying a small amount above the minimum each month can dramati-

cally reduce the total interest that will be paid and the number of months to fully pay off the

debt. If people have not fully taken into consideration the implications of carrying debt on the

total interest they will pay, then this treatment should encourage especially those paying the

minimum to pay something more than the minimum. The Anchoring treatment, in addition

to providing the same advice, introduces another reference point to which participants may

anchor their decisions (in addition to the other two plausible reference points – the minimum

and maximum repayments). Specifically, each decision comes with a recommendation that

in the first period the participant should repay at least: 80 for question 1, 100 for question

2 and 60 for question 3. Compared to advice only, this should reinforce the incentive to

pay more than the minimum since both the advice and the anchor work in the same direc-

tion. However, adding an intermediate reference point could also potentially decrease debt

repayments by those who would otherwise have paid more than this intermediate anchor if

the anchoring effect outweighs other considerations for why they paid more than this anchor

level.

The PLD (high skew), PLD (low skew) and Expected Value treatments (henceforth re-

ferred to as the three incentive treatments) offer a financial incentive for paying more than

the minimum. They provide the same advice as the previous two treatments but also offer
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a potential additional payment in the second period to subjects who pay at least the anchor

levels in the first period. Compared to the Anchoring treatment, the reward should further

motivate people who were paying the minimum (or anything less than the anchor) to pay

off at least the anchor amount. The incentive treatments come in three different structures

(see Table 2). The PLD (high skew), PLD (low skew) and Expected Value treatments vary

the skewness of the potential reward, where they all have the same expected value. In the

Expected Value treatment, participants get a fixed payment if they meet the anchor level.

In the PLD (low skew) treatment, there is a 50% chance to get twice the expected value and

0 otherwise and in the PLD (high skew) treatment there is a 5% chance to get 20 times the

expected value and zero otherwise. In Section 4 the PLD (high skew) treatment is initially

used to show the efficacy of Prize Linked Debt and then we examine the effect of skewness

using all three of the incentive treatments.5

Table 2: Decisions and Financial Incentives

Threshold
PLD (High skew)

Pr(win) prize
PLD (Low skew)

Pr(win) prize
Expected Value Treatment

Pr(win) prize
Q1 80 5% 400 50% 40 100% 20
Q2 100 5% 400 50% 40 100% 20
Q3 60 5% 200 50% 20 100% 10

2.2 Procedures

To incentivise participants to act according to their preferences, subjects are informed in

the instructions that after all subjects have completed the study, five participants will be

randomly chosen to receive earnings for Periods 1 and 2 based on one of their randomly

selected decisions. Each randomly chosen participant is paid their earnings from Period 1

and Period 2 (in MTurk this is referred to as their Bonuses) that they had selected in their

randomly selected decision. The Period 1 Bonus is paid to the participant within 3-10 days

of the study finishing. The Period 2 Bonus is paid to the participant exactly 3 months after

the Period 1 Bonus. For randomly chosen participants who were in a PLD treatment, if

the decision which is randomly selected is a decision in which they were offered PLD and

chose to repay on or above the prize threshold in Period 1, then they are eligible to win the

prize. Participants are told that if this occurs, then the prize will be randomly drawn using

a computer.

5We also test the effect of an alternate policy: raising the minimum repayment. However, we do not
address the higher repayment treatment in this paper as it falls outside the scope of the paper.
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3 Hypotheses

Let R(T) be the average debt repayment in the treated decisions for those who initially repay

the minimum in the pre-treatment and M(T) be the percentage of people who pay just the

minimum repayment in the treated decisions amongst this group, for each treatment T. The

financial incentive treatments (the Expected Value treatment and the two PLD treatments)

offer the same decisions as the Baseline treatment but provide advice, an anchor and a

financial incentive to repay more than the minimum. If participants respond at all to these

manipulations, then repayments should increase in these treatments relative to the Baseline

while the proportion of people paying the minimum should fall. Likewise, the incentive

treatments provide an additional financial incentive beyond the Anchoring and Baseline Plus

Advice treatments. If participants respond to the financial incentives, payments should

increase and the proportion paying the minimum should fall in the incentive conditions

compared to the Anchoring and Baseline Plus Advice treatments.

The effect of financial advice on credit repayments in the field are mixed, generally showing

small (Seira et al., 2017) or insignificant effects (Jones et al., 2015; Agarwal et al., 2015). It

is likely that the advice will be more salient in this experiment than in those field studies

given that the advice is presented immediately before participants choose their repayments.

Therefore it is foreseeable that the Baseline Plus Advice treatment may have a positive effect

on repayments compared to the Baseline. In an experimental setting, providing participants

with an ‘anchor’ repayment rate on credit card debt tends to reduce repayments if the anchor

is lower than participants would otherwise have repaid and increase repayments if the anchor

is higher (Hershfield and Roese, 2015; McHugh and Ranyard, 2016). Given that the anchors

in the Anchoring condition in this experiment are all higher than the minimum, the effect of

the anchor should be an increase in repayments for those who repay the minimum. Together,

the foregoing observations imply the following hypothesis:

Hypothesis 1:

R(Incentive treatments) > R(Anchor) > R(Advice) > R(Baseline)

AND

M(Incentive treatments) < M(Anchor) < M(Advice) < R(Baseline)

Standard utility models generally assume a risk-averse decision-maker. However, a prefer-

ence for risk that arises from utility gained from playing the lottery or probability-weighting
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that causes overestimates of the likelihood of winning can operate in the opposite direction

to risk-aversion (Filiz-Ozbay et al., 2015; Conlisk, 1993). Moreover, evidence on lottery ex-

penditures (Atalay et al., 2014) suggests that there is an especially strong preference for

highly skewed lotteries among individuals with low income. Therefore the relative effect of

the high skew PLD, low skew PLD and Expected Value treatments in increasing repayments

is theoretically ambiguous. Risk aversion alone suggests that the Expected Value treatment

would increase repayments most, followed by low skew PLD, followed by high skew PLD. If

utility gained from risk taking outweighs the effect of risk aversion, this implies the ordering

in Hypothesis 2a. If risk-aversion outweighs utility gained from risk taking then this implies

the ordering listed in Hypothesis 2b. If Hypothesis 2a holds, then PLD acts as a more effec-

tive policy to increase repayments than simply paying the expected value to borrowers who

increase their repayments.

Hypothesis 2a:

R(PLD high skew) > R(PLD low skew) > R(Expected Value)

AND

M(PLD high skew) < M(PLD low skew) < M(Expected Value)

Hypothesis 2b:

R(Expected Value) > R(PLD low skew) > R(PLD high skew)

AND

M(Expected Value) < M(PLD low skew) < M(PLD high skew)

These hypotheses can be derived from a model involving a risk-averse agent who gains

utility from entering a prize-draw, as shown in Appendix A.

3.1 Summary statistics and balance across treatments

Summary statistics for participants’ decisions and two checks for the randomisation of treat-

ments between participants can be found in Appendix B.1. Table 7 shows that participant

characteristics and pre-treatment decisions (responses to the decisions that are common to

all treatment groups) are broadly similar across treatment groups. Table 8 reports p-values

for testing the equality of pre-treatment repayment choices between each treatment group

where there were no differences across treatments at this point in the experiment. Given
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that subjects were randomly assigned to each treatment, unsurprisingly just one of the 84

p-values reported reaches significance at the 5 percent level, as might be expected by random

chance, suggesting that randomisation was successful.

4 Results

This experiment is used to answer two research questions: does PLD increase repayments

amongst those who repay the minimum? If so, how much do the financial advice, the an-

choring effect and the skewness of the lottery each contribute to this effect? The population

of interest is those who repaid the minimum in the corresponding pre-treatment decision.6

This is a sample of 725 decisions (28.2% of all decisions) made by 368 distinct participants.7

The treatments are compared across two metrics: participants’ choice of repayment and their

probability of repaying the minimum. This analysis focuses specifically on the sub-population

that initially repays the minimum in the pre-treatment as these are the intended beneficiaries

of the policy.

4.1 Comparing PLD to the Baseline

The natural first step is to consider if PLD has an impact on repayment behaviour compared

to the Baseline. To illustrate the effect of introducing PLD, Figure 1 shows a histogram

of repayments for treated decisions in the Baseline and PLD (high skew) treatments. Two

features are apparent on observation. First, both distributions have a cluster of participants

paying at the minimum (illustrated using a red line), although this cluster is much smaller

in the PLD case. Secondly, the PLD distribution has a second spike in repayments at the

threshold for lottery entry (shown by the dashed green line).

6That is, if the participant paid the minimum in the pre-treatment Q1, what was their repayment choice
in the treated Q1?

7See Tables 5 and 6 for the sample size, number of decisions paying the minimum and number of partici-
pants paying the minimum in the pre-treatment and treated decisions for each treatment group.
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Figure 1: Histograms of repayment choices for treated Baseline and PLD (high skew)
decisions – all participants
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Red line: minimum repayment threshold; Dashed green line: lottery entry threshold.

Focusing on the population of interest – decisions where the participant paid the minimum

in the corresponding pre-treatment decision – this effect becomes even more pronounced, as

shown by Figure 2. The effect of each treatment on the average repayment for people who paid

the minimum in the pre-treatment decisions and the proportion of this group that pays the

minimum for each treatment is illustrated in panels (1) and (2) of Figure 3 respectively. From

panel (1) it appears that average repayments are substantially higher in the PLD treatment

compared to the Baseline (looking at the 4th vs. 1st bars), while panel (2) suggests that the

proportion of decisions in which the minimum is paid is considerably smaller when PLD is

offered.
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Figure 2: Histograms of repayment choices in treated decisions where the participant paid
the minimum in the corresponding pre-treatment decision
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Figure 3: Average repayments and proportion paying minimum in treated decisions – for
pre-treatment minimum payers, all treatments
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These effects are tested by running a series of OLS regressions making comparisons across

every pair of treatments. For every possible pair of treatments, equation (1) is estimated,

in which the repayment choice is regressed on an indicator variable, Treatment, which is 1

if the participant is in the treatment which is along the horizontal of Table 3 and 0 if the

participant is in the treatment along the vertical of the table. For example, Table 3 indicates

that on average participants in the PLD (high skew) treatment paid off $18.23 more debt than

subjects in the Baseline condition while they paid off $9.01 more than subjects in the Baseline

Plus Advice condition. Indicators for the decision number are also included as each of the

three decisions involves different parameters. In the table the estimated β1 from equation

(1) is reported for each regression and displayed with robust standard errors. In Table 4

the same method is followed, estimating equation (2) which is a linear probability model for

the probability of repaying the minimum (the outcome variable is an indicator, PayMin, for

whether the participant paid the minimum). Treatments are assigned at the participant level

(i) but the regression is run on individual decisions (j) of which there are up to three treated

decisions per participant, depending on how many times the participant made the minimum

payment in the pre-treatment decisions. Therefore robust standard errors are clustered by

participant.8

RepaymentAmountji = β0 + β1Treatmenti + β2Decision2j + β3Decision3j + εji (1)

PayMinji = β0 + β1Treatmenti + β2Decision2j + β3Decision3j + εji (2)

Table 3: Regression estimates for treatment effects on average repayments compared for
pre-treatment minimum payers

Treatment Baseline Plus Advice Anchoring PLD (high skew) PLD (low skew) Expected Value
Baseline 9.244*** 12.73*** 18.23*** 17.33*** 21.26***

(1.872) (1.763) (2.474) (1.925) (2.252)
Baseline Plus Advice 3.442 9.006*** 8.101*** 12.01***

(2.155) (2.750) (2.286) (2.556)
Anchoring 5.503** 4.644** 8.595***

(2.682) (2.197) (2.483)
PLD (high skew) -0.908 3.018

(2.793) (3.029)
PLD (low skew) 3.908

(2.598)

Robust standard errors in parentheses. A set of full results tables is included in Appendix C Tables 11 to 14.

* p < 0.10, ** p < 0.05, *** p < 0.01

8A full set of the relevant results tables including constants, observations and R2 are available in Appendix
C.
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Table 4: Regression estimates for treatment effects on probability of paying the minimum
compared for pre-treatment minimum payers

Treatment Baseline Plus Advice Anchoring PLD (high skew) PLD (low skew) Expected Value
Baseline -0.354*** -0.453*** -0.691*** -0.615*** -0.751***

(0.0778) (0.0790) (0.0685) (0.0675) (0.0527)
Baseline Plus Advice -0.102 -0.339*** -0.265*** -0.399***

(0.0949) (0.0863) (0.0853) (0.0745)
Anchoring -0.239*** -0.160* -0.296***

(0.0870) (0.0867) (0.0757)
PLD (high skew) 0.0766 -0.0573

(0.0767) (0.0642)
PLD (low skew) -0.134**

(0.0632)

Robust standard errors in parentheses. A set of full results tables is included in Appendix C Tables 11 to 14.

* p < 0.10, ** p < 0.05, *** p < 0.01

Comparing PLD (high skew) with Baseline in Table 3 shows that PLD increases repay-

ments by $18.23 compared to the Baseline. From Table 4, PLD also decreases the probability

of repaying the minimum by 69.1%. These coefficients are statistically significant at the 0.1%

level. Across the three decisions, the average level of the PLD threshold is 37% higher than

the average level of the minimum repayment threshold. An increase of $18.23 amounts to

a 31% average increase in repayments when PLD is offered. Therefore repayments increase

by 84% (=31%/37%) of the amount that they would have increased had all participants

increased their repayments from the minimum to exactly the PLD threshold. These results

provide evidence supporting Hypothesis 1 – offering PLD increases repayments compared to

the Baseline.9

4.1.1 Explaining the PLD effect

Three aspects of PLD are examined: the provision of advice, suggesting an anchor to partic-

ipants, and the skewness of the PLD lottery. As above, the following analyses only consider

the population who repaid the minimum in the corresponding pre-treatment decision, as this

is the population of interest for PLD.

4.2 How much of the effect is explained by the advice?

The PLD treatment begins with an introductory screen which advises participants that re-

paying more than the minimum repayment is generally financially beneficial. This screen

9We check the robustness of these results in Appendix C.1.
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provides context for why PLD is being offered and is shown before each treatment except

for the Baseline. The extent to which the advice explains the effect of PLD is tested by

comparing the PLD, the Baseline and the Baseline Plus Advice treatments. Figure 3 shows

that the introduction of advice to the Baseline treatment increases average repayments and

decreases the proportion of participants paying the minimum.

This is confirmed by comparing Baseline Plus Advice with Baseline in Table 3. This

estimate shows that the Baseline Plus Advice treatment is associated with a $9.24 increase in

repayments compared to the Baseline treatment. Likewise, Table 4 shows that the Baseline

Plus Advice treatment is associated with a 35.4% (-0.354) reduction in the probability of

repaying the minimum compared to the Baseline. Both of these coefficients are statistically

significant at the 1 percent level.

Combining these results with those in subsection 4.1 show that about half of the effect

of PLD is attributable to the provision of financial advice.10 In prior empirical studies,

financial advice suggesting that higher debt repayments are beneficial tends to have small

or no effect on repayments (Jones et al., 2015; Agarwal et al., 2015; Seira et al., 2017). The

advice in this experiment may have a greater effect than in previous studies because it is

more comprehensive, is presented immediately prior to participants making their decision

and therefore may be more salient in participants’ decision making process and because, in

our study, there is no liquidity constraint restricting participants from paying off any or all

of the debt. The likelihood that borrowers are less attentive to advice outside the lab than

in this study does not necessarily suggest that these results also overstate the effect of PLD.

Indeed, the offer of a novel prize-linked repayment promotion seems likely to capture the

attention of borrowers outside the lab in a way that financial advice might not, though this

remains an empirical question.

To investigate these results further, histograms of debt repayment choices by participants

who repaid the minimum in the corresponding pre-treatment decision for the Baseline and

Baseline Plus Advice decisions are shown in Figure 4. Compared to the Baseline, some

participants shift up their debt repayments, although these shifts are large only in a small

number of decisions. This evidence is consistent with participants experiencing utility for

following the advice with diminishing marginal utility as the repayment choice increases.11

10We are unable to find consistent, statistically significant evidence that these effects are driven by a
particular demographic group, including on the basis of financial literacy, education or income.

11See Alternative Hypothesis 2A in Appendix A.
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Figure 4: Histograms of repayment choices in treated decisions for participants who paid
the minimum in the corresponding pre-treatment decision
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Accounting for the Advice still leaves half of the effect of PLD unexplained. The task of

further explaining the effect is taken up in the following sections.

4.3 How much of the effect is explained by the anchor?

The Anchoring treatment seeks to replicate the structure of PLD, but without associating

repayment of the anchor value (or above) with financial consequences. As with the PLD

treatment, the Anchoring treatment begins with the financial advice screen. The effect of
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the Anchoring Treatment compared to the Advice treatment should therefore also encompass

the effect of providing financial advice.

Revisiting Figure 3, it appears that the Anchor has a greater positive effect on repayments

than the Baseline Plus Advice treatment, but not as great as the effect of PLD. Panel (2)

likewise suggests that the Anchoring treatment reduces the proportion of decisions in which

the minimum is paid compared to the Baseline Plus Advice treatment, but reduces this

proportion less than PLD. It is evident from the 95% confidence intervals that not all of

these effects are statistically significant. These results are confirmed by the regressions in

Tables 3 and 4.

Comparing the Anchoring and Baseline Plus Advice treatments in Table 3 suggests that

the anchoring treatment increases repayments compared to the Advice treatment by $3.44.

Similarly, Table 4 shows that the Anchoring treatment is associated with a 10.2% (-0.102)

reduction in the probability of repaying at the minimum compared to the Advice treatment.

However, neither of these coefficients are statistically significant.12 As expected, comparing

the Anchoring and PLD treatments shows that PLD maintains a statistically significant

positive effect on debt repayments greater than that of the Anchoring treatment, but slightly

smaller than the difference between the PLD and Advice treatments.

These results provide further evidence for Hypothesis 1 – that the effect of PLD on

repayments is greater than the effect of the Anchor alone. The results also suggest that

the effect of the Anchoring treatment is almost entirely captured by just the advice alone.

This may be because the effect of the anchor is to provide an implicit suggestion to repay

more which in this case is already provided explicitly by the advice. The point estimates

imply there is a small additional effect from the anchor, but there is insufficient power to

confirm this. It stands to reason that the remaining difference between the effect of PLD and

the effect of the Anchoring treatment is due to some combination of the monetary reward

available and the characteristics of the PLD lottery.

4.4 How much of the effect is explained by skewness?

To determine the extent to which the skewness of the monetary reward explains the effect of

PLD, we included three different levels of skewness: a high skew PLD, a low skew PLD and

the expected value. The corresponding decisions in each of these treatments offer the same

12These comparisons involved n=214 decisions across the two treatments (where participants paid the
minimum in the corresponding pre-treatment decision) – n=106 for Baseline Plus Advice and n=108 for
Anchoring, so it is possible that we simply do not have sufficient power to observe a significant effect.
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expected values for paying at or above the threshold (see Table 2 above). From Hypothesis

2b, if participants are risk averse, the expected value treatment should have the largest effect,

followed by the low skew PLD, followed by the high skew PLD. The effects of these three

treatments are shown graphically in Figure 3.

It appears from the top panel in Figure 3 that the high skew PLD raises average repay-

ments more than the low skewed PLD, while the Expected Value raises repayments more

than either PLD. In the bottom panel, the high skew PLD lowers the proportion of deci-

sions in which the minimum is paid more than the low skew PLD, while the Expected Value

lowers this proportion more than either PLD. However, not all of these effects appear to be

statistically significant. This is confirmed in Tables 3 and 4.

Comparing the Expected Value and low skew PLD treatments shows that the Expected

Value treatment raises repayments by $3.91 compared to the PLD (low skew) treatment.

This coefficient is not statistically significant. However, the Expected Value does significantly

decrease (at the 5 percent level) the probability of repaying the minimum by 13.4% (-0.134)

compared to the PLD (low skew) treatment in Table 4.

Comparing the PLD (high skew) and PLD (low skew) treatments shows that the PLD

(low skew) treatment lowers repayments by $0.91 and raises the probability of repaying the

minimum by 7.7% (-0.0766) compared to the PLD (high skew) treatment. Neither of these

coefficients are statistically significant but these point estimates conflict with the risk aversion

hypothesis. Comparing the Expected Value and PLD (high skew) treatments, the Expected

Value treatment raises repayments by $3.02 compared to the PLD (high skew) treatment and

lowers the probability of repaying the minimum by 5.7% (-0.0573). Again, neither of these

coefficients are statistically significant.

This mixed (and primarily not statistically significant) evidence is consistent with neither

Hypothesis 2a nor Hypothesis 2b. These results suggest that either (1) subjects are neither

risk averse nor have a preference for skewness, (2) subjects are both risk averse and have a

preference for skewness such that in this context these inclinations roughly cancel each other

out, or (3) that there is heterogeneity among the subjects such that some subjects are risk

averse while others have a preference for skewness and this heterogeneity is roughly equal in

this subject population. Given the lack of statistically significant results, there is minimal

evidence that either risk aversion or skewness preference dominate. Further research should

investigate whether there is a sufficiently skewed lottery or low enough expected value (e.g.

0.01% chance of winning $5,000; expected value = $0.50) such that participants would prefer

the lottery to the expected value (i.e. skewness preference dominates).
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5 Discussion and Conclusion

As hypothesised, the PLD increases repayments compared to the Baseline amongst those who

initially repay the minimum in the pre-treatment. PLD significantly increases the average

payments and reduces the frequency of paying the minimum compared to only providing

advice or advice and an anchor, though advice and providing an anchor explain about half

of the PLD effect.

Three results presented in this paper particularly deserve further examination. First, the

effectiveness of financial advice as a way to increase debt repayments warrants further analysis

given the unusually large effect of advice in this experiment. This may be attributable to

advice which is presented immediately prior to participants making a decision being more

salient than advice given outside the lab which may be ignored or forgotten by the time a

repayment decision is made. Indeed, PLD, as a novel prize-linked incentive, may be a way

to increase the salience of financial advice outside the lab. Second, unlike in this paper, in a

randomised controlled trial run by Burke (2019), PLD was found to not have any intention to

treat effects for borrowers in a debt management plan (DMP). In contrast to Burke (2019),

in which entry into a prize-draw was contingent on making the on-time, in-full repayments

required by the DMP, this paper considers PLD as offering prize entry for repaying on or

above a threshold which is higher than what borrowers were already paying. If behavioural

motivations play a greater role in the choice to pay back the minimum instead of a somewhat

higher amount, as opposed to the decision whether or not to make an on-time repayment

and stay in a DMP, then the PLD would have greater influence over the former. This may

explain the more significant result of PLD in this paper.

Third, the results for the effect of skewness may vary with even more skewed prizes and

a lower expected value. If skewed prizes are more effective at increasing repayments than

expected value payments at a lower expected value, then this suggests that PLD offers a

more cost effective way to increase repayments, justifying the use of the tool as compared to

direct payments. Additionally, future research should investigate how borrowers’ repayments

and therefore their interest owing responds to different expected value PLDs, as a key policy

goal of the tool is to reduce interest payments.

Our results have several implications for policy. A PLD provides an additional tool for

policy-makers or financial institutions to increase repayments amongst borrowers who have

previously and consistently made low credit card repayments. In recent years, regulators in

Australia and the UK have encouraged credit providers to proactively use tools to increase

debt repayments amongst borrowers who persistently make low repayments (Australian Se-
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curities & Investments Commission, 2018; Financial Conduct Authority, 2016). For example,

in Australia some credit card issuers proactively offer structured repayment plans, prompt

borrowers to make repayments higher than the minimum with email and SMS messages or

send SMS reminders when debt repayments are due (Australian Securities & Investments

Commission, 2018). In this context, PLD could act as another tool to address the problem of

low repayments. Tools of this nature may be preferable to, for example, raising the minimum

repayment, as they do not impose costs on those who are unable to increase their repayments.

Considering PLD as a policy tool, two aspects require further consideration. First, the

implementer should diminish the capacity for borrowers who are attracted by the prize-linked

aspect to ‘game’ the PLD program by choosing to pay the minimum when they otherwise

would pay more. That is, the implementer should be wary of adverse extensive margin

effects. This could be done by, for example, running it infrequently and being restrictive

to only those who have been paying the minimum for at least several months in a row.

These aspects would be useful to test in a field experiment. Second, policy-makers should be

wary of the effect PLD might have on borrowers who are offered this product who may have

previously demonstrated problematic gambling behaviours. Whilst the evidence from PLS is

that prize-linked financial products decrease outside gambling (Cookson, 2018; Atalay et al.,

2014), this issue is likely to be of community concern and should be kept in mind.

In sum, this paper evaluates a tool known as Prize Linked Debt aimed at increasing debt

repayments amongst borrowers who make minimum credit card repayments by testing the

tool using an online experiment. A prize threshold set on average 37% above the minimum

increases payments by 31% amongst borrowers who repaid the minimum before being offered

the PLD. The probability of repaying the minimum falls by 69.1% for this population. These

results suggest that prize-linked incentives could play a role in targeting consistent low debt

repayment practices amongst credit card borrowers.
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Appendices

A Theoretical Model

A.1 Key assumptions

A theoretical model can be used to hypothesise how participants will respond when offered

PLD. The goal of PLD is to increase debt repayment, although this model does not ex-

amine the welfare effects of increased debt repayments. An extended model demonstrating

why higher repayments are preferable and encompassing the behavioural reasons for under-

repayment is outside the scope of this model. Likewise, the specific incentives for credit card

issuers are outside the scope of this model. Instead, this model takes as given that credit

card issuers are willing to put some amount of money towards increasing debt repayments

amongst participants.

A.2 The basic model

A.2.1 The agent’s budget

This problem can be considered in the style of a Fisher (1930) two-period model with no

income uncertainty. Suppose an agent optimises her choice of consumption over two periods,

denoted i = 1, 2. In each period the agent is exogenously given some income yi. At the start

of Period 1, the agent is exogenously given some level of debt D which must be paid off over

the two periods. There is no option to default on the debt. The agent pays interest r on any

unpaid debt she holds over to the second period. The agent chooses her consumption in each

period, denoted ci, subject to her budget constraint. In the first period, the agent pays off

some proportion of her debt φ. Hence the budget constraints in Period 1 and Period 2 may

be represented as:

c1 = y1 − φD (3)

c2 = y2 − (1 + r)(1− φ)D (4)

Let the agent also be subject to a minimum repayment threshold, denoted M . If the

agent makes a repayment in Period 1 of φD < M (equivalently, c1 > y1−M), then she must
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pay a fee z, otherwise if φD ≥ M (i.e. c1 ≤ y1 −M), no fee is levied.13 The fee is paid in

Period 2. Thus, using this information and equations (3) and (4), the agent’s intertemporal

budget constraint may be represented as:

y2 + (1 + r)y1 = c2 + (1 + r)(D + c1) + z (5)

Where z = 0 if c1 ≤ y1 −M . The agent maximises her utility subject to this budget

constraint.

A.2.2 The agent’s preferences

The agent uses a Constant Relative Risk Aversion (CRRA) utility function of the form:

U(c1, c2, a) =
c1−θ1 − 1

1− θ
+ β

c1−θ2 − 1

1− θ
+ v(a) (6)

Reflecting the surveyed literature regarding anchoring, these preferences a term which

reflects positive utility for repaying on an anchor. Specifically, a ∈ {0, 1} is an indicator

equal to 0 if φD is not equal to an anchor, letting v(1) > v(0) = 0. This supposes that

the anchoring effect causes participants to be attracted only to the anchor itself. A more

sophisticated model allowing for adjustment from the anchor should produce similar results.

Possible anchors are the minimum repayment threshold, the PLD lottery threshold or a

particular value which is suggested to the agent.

Assuming CRRA preferences allows for a tractable model which is not computationally

difficult to solve and holds an intuitive interpretation. CRRA utility remains a widely-used

model (Wakker, 2008), including in the PLS literature (Filiz-Ozbay et al., 2015), allowing for

comparisons between this model and other work. The disadvantage of CRRA preferences is

that they do not fully capture the attraction of gambling behaviour as might non-expected

utility models like cumulative prospect theory. However, because there is no discrete cost in

this model for obtaining a ‘ticket’ to the lottery (all that is required is paying on or above the

PLD threshold), such models are not necessary to induce gambling behaviour. To account for

this disadvantage, in Section A.4.3 a term expressing a preference for gambling is introduced

in the style of Conlisk (1993).

13From here on out we engage in a slight abuse of notation by talking about an agent’s choice of φD.
In this model the agent chooses an optimal bundle {c1, c2} which determines φ and thus φD. Conversely
however, the agent’s φD is uniquely associated with a bundle {c1, c2}.
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A.2.3 Solving the model

The agent maximises her utility in (4) subject to the budget constraint in (3). So far in the

model, there are five candidate solutions:

1. Agent makes no Period 1 repayment and pays the fee for repaying below the minimum

(φ = 0)

2. Agent pays the fee for making a repayment below the minimum (0 < φD < M)

3. Corner solution where the agent pays the minimum (φD = M)

4. Agent makes a repayment higher than the minimum, but does not pay off all of her

debt (M < φD < D).

5. Agent pays off all of her debt in Period 1 (φ = 1)

Consider case 4 where the agent makes a repayment φD > M . That is, the agent chooses

consumption c1 < y1 −M , so the fee z = 0. In this case, the problem can be expressed as

the lagrangian:

L = U(c1, c2) + λ[y2 + (1 + r)y1 − c2 − (1 + r)(D + c1)] (7)

The first order conditions for this problem are:

∂L
∂c1

= c−θ1 − λ(1 + r) = 0 (8)

∂L
∂c2

= βc−θ2 − λ = 0 (9)

∂L
∂λ

= y2 + (1 + r)y1 − c2 − (1 + r)(D + c1) = 0 (10)

Solving these first order conditions gives the optimal consumption bundle. The Utility

curve U1 and consumption bundle A in Figure 5 gives a graphical example of a solution of

this type.
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Figure 5: The agent’s utility maximisation problem

Lemma 1. Utility is monotonically decreasing as the agent moves to consumption bundles

on the budget constraint which contain more c2 and less c1 than the optimal consumption

bundle (bundles to the left of the optimal bundle on the budget constraint).

By definition, the optimal consumption bundle gives the agent the maximum utility she

can achieve subject to the budget constraint. Lemma 1 states that moving further away

from the optimal bundle on the budget constraint is associated with decreasing utility, as

is illustrated by the decreasing utility curves U2 and U3 as the agent moves away from the

optimal bundle A to bundles B and C in Figure 5.14

A.3 Adding PLD

Now suppose the agent is offered the PLD promotion. If the agent makes a repayment on or

above the PLD lottery threshold K, i.e. φD ≥ K, then she is entered into the PLD lottery.

Let there be one jackpot prize L with a probability of winning p. The prize is drawn and

paid in Period 2. This adds some uncertainty to the agent’s utility if she is entered into the

lottery.

14For an algebraic demonstration of this lemma, see A.5.
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Now assume that the utility of winning the lottery is additively separable from the re-

mainder of the Period 2 consumption utility. This assumption is made for two reasons. First,

it is not unreasonable to assume that the receipt of a large amount of money may provide

utility in a different manner that does not depend on an agent’s consumption levels, such

as by bringing about a change in the agent’s economic or social status. Secondly, additively

separable preferences are tractable and aid in exposition in this setting. The agent’s utility

when she enters the lottery is modelled as:

U(c1, c2, a) =
c1−θ1 − 1

1− θ
+ β

c1−θ2 − 1

1− θ
+ pβ

L1−θ − 1

1− θ
+ v(a) (11)

Now suppose that there is a continuous distribution of agents with preferences in the

form of (11), whose optimal choice of repayment described by the solution to (7) differ due to

differing β and θ. Assume that PLD is only offered to agents with preferences such that their

initial choice of repayment is between M ≤ φD < K, as this is the population of borrowers

the PLD is aimed at. As such, assume there is a continuous distribution of agents optimally

choosing φD ∈ [M,K). No assumptions are made about the probability density function of

this distribution of agents’ optimal repayments.

Lemma 2. There is a range of agents initially optimally choosing φD ∈ [K − α∗, K) where

M ≥ α∗ such that, when offered PLD, those agents now choose φD = K.

Proof. See A.5.

Lemma 2 illustrates that there are some agents who initially choose a repayment value

less than the lottery threshold who with the introduction of PLD receive greater utility from

choosing to repay at the lottery threshold. There is no incentive for any agent who initially

chooses φD ≤ K to choose a lower φD when offered the PLD promotion. Therefore from

Lemma 2, there are a number of agents initially choosing φD ∈ [K−α∗, K) who now increase

their repayments. There are no agents who decrease their repayments. Hence the following

hypothesis:

Hypothesis 1. Average repayments will increase when the PLD promotion is offered com-

pared to when it is not.
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A.4 Elements of PLD

There are three characteristics of PLD tested in the experiment: the provision of advice on

its own, anchoring without accompanying financial incentives, and the utility of playing a

skewed lottery.

A.4.1 Provision of advice

There is no uncertainty over income in this model and it is assumed that agents do not make

mathematical mistakes.15 Ex ante there is no assumption that participants’ preferences

are affected by receiving advice given that there is no information uncertainty or room for

calculation error in the model. This yields the following hypothesis:

Hypothesis 2. Providing advice to a participant that paying above the minimum is generally

beneficial will have no effect on repayments.

However, it is possible that advice could impact participants’ preferences for reasons other

than the provision of new information. Such an impact could be modelled as utility that arises

from following advice that says repaying more than the minimum is beneficial. This could

be modelled as an increasing, concave function of the amount which the agent pays above

the minimum, such as ln(y1− c1−M) where y1− c1 > M . This would generate a prediction

that agents should shift their repayments up by a small amount, depending on how strong

their preference is for following the advice and the marginal utility cost of increasing their

repayments. It is unlikely that many participants would greatly increase their repayments.

This gives rise to the following alternative hypothesis:

Alternative Hypothesis 2A. Providing advice to a participant may have a positive effect

on repayments if agents receive utility for following the advice.

A.4.2 Anchoring without accompanying financial incentives

Suppose that instead of PLD, there is just an ‘anchor’ at the threshold φD = K. For example,

it might be recommended to agents that they make a repayment at φD = K, although no

financial incentive is given to them to do so. Under the preferences in equation (6), v(a) > 0

if the agent chooses φD = K. The PLD case, where there is a financial incentive and an

anchor at φD = K such that v(a) > 0, is compared to the pure anchoring case, where there

is only an anchor at φD = K. Note that:

15In the experiment, all necessary calculations are done for the participants.

29



pβ
L1−θ − 1

1− θ
> 0 (12)

Therefore the utility of repaying at φD = K must be higher when the PLD lottery is offered

at this threshold than when just the anchor is offered at this threshold.

Lemma 3. There is a range of agents initially optimally choosing φD ∈ [K − γ∗, K) such

that, when given the anchor, those agents now choose φD = K.

This lemma is a corollary of the proof for Lemma 2.

Lemma 4. Comparing Lemma 2 and Lemma 3, γ∗ < α∗ such that there is a smaller range

of agents who choose to switch to φD = K when just given the anchor than when offered

PLD.

Proof. See A.5.

Intuitively, Lemma 4 says that PLD should cause more agents to switch to the prize

threshold than the anchor because it offers both an anchor and a financial incentive. As with

Lemma 2, assume that no other agents’ preferences are affected other than those who switch

to paying φD = K according to Lemma 4. Assuming that the probability density function

of repayment choices is initially identical between the anchoring and PLD treatments, repay-

ments will increase in the anchoring treatment, but not as much as in the PLD treatment.

This generates the following hypothesis:

Hypothesis 3. Suggesting an anchor to participants will increase repayments, but not by as

much as offering them PLD.

A.4.3 The skewness of the lottery prize

Compare three cases: the agent is given the expected value of the PLD lottery, the agent

is offered a highly skewed PLD lottery or the agent is offered a low skew PLD lottery (all

with identical expected values). As the name suggests, agents with CRRA preferences are

risk averse (Wakker, 2008). As such, the expected value should provide the highest utility,

followed by the low skew PLD lottery, followed by the high skew PLD lottery. In much the

same way as in Lemma 4 and Hypothesis 3, This produces the following two hypotheses:16

Hypothesis 4. Offering participants the expected value of the lottery will increase repayments

more than offering participants PLD.

16See Appendix A for proofs of Hypotheses 4 and 5.
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Hypothesis 5. Offering participants the low skew PLD lottery will increase repayments more

than offering participants the high skew PLD lottery.

It is possible that Hypotheses 4 and 5 may not hold however, if participants receive some

utility g(p, L) for playing a lottery, which is increasing in skewness, as in (Conlisk, 1993).

Such a term could explain why consumers both gamble and buy insurance. If the preference

for skewness offsets participants’ risk aversion, then the following alternative hypothesis may

instead hold:17

Alternative Hypothesis 5A. If participants experience utility for undertaking skewed gam-

bles, this may offset participants’ risk aversion such that Hypotheses 4 and 5 do not hold.

A.5 Proofs

A.5.1 Proof of Lemma 1

Lemma 1. Utility is monotonically decreasing as the agent moves to consumption bundles

on the budget constraint which contain more c2 and less c1 than the optimal consumption

bundle (bundles to the left of the optimal bundle on the budget constraint).

Proof. Suppose the agent solves her constrained optimisation problem to yield the optimal

bundle {c∗1, c∗2} such that her marginal rate of substitution MRSc1,c2 = u′(c1)
u′(c2)

= (β)−1( c1
c2

)−θ =

(1+ r). Let the maximum utility be denoted U∗. Now let there be some consumption bundle

{c∗1−α, c∗2 + (1 + r)α} (bundle two) which lies further to the left of the optimal point on the

agent’s budget constraint.

Starting with the utility maximising bundle, the amount by which the agent’s utility

curve would have to shift in order to reach bundle two is given by the difference between the

value of c2 on the budget constraint and the value of c2 on the utility curve for the value

U∗ given c∗1 − α. Note that given a downward sloping, convex CRRA indifference curve,
∂MRS
∂c1
|U=U∗ < 0 and ∂2MRS

∂c21
|U=U∗ < 0. Therefore if c1 falls, the slope, MRS, of the utility

curve increases.

At the optimal consumption bundle, (β)−1( c1
c2

)−θ = (1 + r). Moving to bundle 2 however,

if α > 0, then (β)−1( c1−α
c2+(1+r)α

)−θ > (1 + r). Let the MRS of the utility indifference curve at

U∗ be represented as MRS2. The amount by which the utility curve would have to shift to

reach bundle 2 is given by:

cUtility Curve
2 − cBudget Constraint

2

17See Appendix A.5 for proofs.
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Taking the derivative of this equation with respect to c1 = c∗1 − α yields:

MRS2 − (1 + r)

But from the reasoning above:

MRS2 > (1 + r) for α > 0

=⇒ MRS2 − (1 + r) > 0

That is, the amount which the utility curve has to shift downwards in order to reach bundle

2 is increasing in α. Hence utility is monotonically decreasing as the agent moves to con-

sumption bundles further to the left on the budget constraint than the optimal consumption

bundle.

A.5.2 Proof of Lemma 2

Lemma 2. There is a range of agents initially optimally choosing φD ∈ [K − α∗, K) where

M ≥ α∗ such that, when offered PLD, those agents now choose φD = K.

Proof. Let an agent’s initial optimal bundle be {c1, c2} = {y1−K+α, y2−(1+r)(D−K+α)}.
Let there be some α∗ ≥ 0 for which the agent’s utility is equal to the utility from making

the repayment φD = K. The case of α∗ = 0 would be the case where the agent’s optimal

repayment was initially to pay φD = K. When these two utilities are equal:

(y1 −K + α∗)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K + α∗))1−θ − 1

1− θ

=
(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ pβ

L1−θ − 1

1− θ
+ v(a)

Note that pβ L
1−θ−1
1−θ + v(a) > 0 by construction, as L > 0, p > 0, a = 1. Hence if α = 0:

(y1 −K + α)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K + α))1−θ − 1

1− θ

<
(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ pβ

L1−θ − 1

1− θ
+ v(a) (13)

That is, the utility of receiving entry into the lottery at φD = K is higher than the

utility of making that repayment without the lottery incentive. Recall from Lemma 1 that

utility is monotonically decreasing as the agent moves further along her budget constraint
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away from her optimal consumption bundle. That is, as α increases for agents whose optimal

consumption bundle is {y1 − K + α, y2 − (1 + r)(D − K + α)} (perhaps due to different θ

or β), the utility of choosing {y1 − K, y2 − (1 + r)(D − K)} must fall monotonically. This

implies that there is an α high enough that for values of α > α∗:

(y1 −K + α)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K + α))1−θ − 1

1− θ

>
(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ pβ

L1−θ − 1

1− θ
+ v(a)

That is, it would not be utility maximising for an agent with this optimal bundle to switch

from this bundle to the lottery threshold and repay φD = K. However for every agent with

0 ≤ α ≤ α∗ their utility of their initial optimal choice is less than the utility of making the

PLD lottery threshold repayment. Formally, their utility is represented by the expression in

equation (13). Therefore, it would be utility maximising for them to switch to repaying the

lottery threshold φD = K.

A.5.3 Proof of Lemma 4

Lemma 4. Comparing Lemma 2 and Lemma 3, γ∗ < α∗ such that there is a smaller range

of agents who choose to switch to φD = K when just given the anchor than when offered

PLD.

Proof. Recall from Lemma 1 that utility is monotonically decreasing as agents move along

the budget constraint away from their optimal bundle. Let the agent in the anchoring

condition’s optimal bundle be {c1, c2} = {y1−K+γ, y2− (1+r)(D−K+γ)}. Recall that at

the anchor, a = 1. As in Lemma 2, let the optimal bundle of an agent in the PLD condition

be {c1, c2} = {y1−K+α, y2− (1+r)(D−K+α)}. Let there be some value of γ, denoted γ∗,

such that the agent is indifferent between choosing the anchor level φD = K and choosing

her optimal consumption bundle. That is:

(y1 −K + γ∗)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K + γ∗))1−θ − 1

1− θ

=
(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ v(a)
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Now examine α† = γ∗. Given that pβ L
1−θ−1
1−θ > 0 it must be that:

(y1 −K + α†)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K + α†))1−θ − 1

1− θ

<
(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ pβ

L1−θ − 1

1− θ
+ v(a)

Again using Lemma 1, therefore there is an α∗ > α† such that:

(y1 −K + α∗)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K + α∗))1−θ − 1

1− θ

=
(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ pβ

L1−θ − 1

1− θ
+ v(a)

Therefore γ∗ < α∗.

A.5.4 Proof of Hypotheses 4 and 5

Compare the case where the agent is just given the expected value of the lottery and the case

where the agent is offered a PLD promotion at the threshold φD = K. In the expected value

case the agent is paid pL for repaying φD ≥ K. For the sake of exposition, the agent’s utility

of receiving the expected value payment is assumed to be additively separable.18 Consider

the agent’s preferences when paying at φD = K:

U(c1, c2, a) =
c1−θ1 − 1

1− θ
+ β

c1−θ2 − 1

1− θ
+ β

(pL)1−θ − 1

1− θ
+ v(a)

Observe that:

β
(pL)1−θ − 1

1− θ
> pβ

(L)1−θ − 1

1− θ

Therefore at φD = K, the utility of the expected value is greater than the utility of the

PLD:

(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ β

(pL)1−θ − 1

1− θ
+ v(a) (14)

>
(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ pβ

L1−θ − 1

1− θ
+ v(a)

18The following arguments still apply when the agent values the expected value payment as Period 2
consumption.
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Lemma 5. There are more agents who choose to switch to φD = K when offered the expected

value of the lottery compared to the PLD.

This lemma follows from equation (14) and the corollary of the proof for Lemma 4.

Hypothesis 4. Offering participants the expected value of the lottery will increase repayments

more than offering participants PLD.

This hypothesis follows from Lemma 5 in the same manner as Hypothesis 3 follows from

Lemma 4.

It is possible that this hypothesis may be incorrect if the agent receives some additional

utility from being entered into the lottery, say g(p, L). That is, the hypothesis may not hold

if:

β
(pL)1−θ − 1

1− θ
≤ pβ

(L)1−θ − 1

1− θ
+ g(p, L)

Now consider two different lotteries of equal expected value but with different skewness.

Lottery 1 is more highly skewed than Lottery 2. Specifically:

p1L1 = p2L2

p1 < p2

L1 > L2

Observe that:

p1β
(L1)

1−θ − 1

1− θ
< p2β

(L2)
1−θ − 1

1− θ

This result stems from risk aversion in the CRRA model. Therefore the utility of the low

skew lottery PLD is greater than the utility of the high skew lottery PLD.

(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ p1β

L1−θ
1 − 1

1− θ
+ v(a) <

(y1 −K)1−θ − 1

1− θ
+ β

(y2 − (1 + r)(D −K))1−θ − 1

1− θ
+ p2β

L1−θ
2 − 1

1− θ
+ v(a) (15)

Lemma 6. There are more agents who choose to switch to φD = K when offered the low

skew PLD lottery compared to the high skew PLD lottery.

35



This lemma follows from equation (15) and a similar proof to that for Lemma 4.

Hypothesis 5. Offering participants the low skew PLD lottery will increase repayments more

than offering participants the high skew PLD lottery.

This hypothesis follows from Lemma 6 in the same manner as Hypothesis 3 follows from

Lemma 4.

As with Hypothesis 4, it is possible that this hypothesis may not hold if participants

receive some utilty for playing a skewed lottery, as in Conlisk (1993). Consider a similar

lottery utility function from before g(p, L) where ∂g
∂p
> 0 if pL is held constant. Hypothesis 5

will not hold if the additional utility from the skewness of the gamble outweighs the decreased

utility due to risk aversion. That is, if:

p1β
(L)1−θ − 1

1− θ
+ g(p1, L1) > p2β

(L2)
1−θ − 1

1− θ
+ g(p2, L2)

.

This would yield the following Alternative Hypothesis:

Alternative Hypothesis 5A. If participants experience utility for undertaking skewed gam-

bles, this may offset participants’ risk aversion such that Hypotheses 4 and 5 do not hold.
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B Additional Tables

B.1 Summary Tables

Table 5: Summary of Repayment Choices in the Pre-treatment and Treated Decisions

Treatment Decisions Participants Mean Repayment Standard Deviation Decisions paying min. Participants paying min. Decisions paying max.
Pre-treatment 2574 858 70.53225 30.42314 725 368 531

Baseline 366 122 71.83333 30.07811 107 54 67
Baseline Plus Advice 372 124 75.20968 27.59847 73 39 77

Anchoring 369 123 79.60705 27.30783 55 32 93
PLD (low skew) 366 122 79.99454 27.3141 40 25 81
PLD (high skew) 363 121 80.90909 29.52731 20 12 101
Expected Value 366 122 84.9153 24.9294 14 9 85

Higher Min 372 124 82.79032 31.97597 85 44 35

Table 6: Summary of Repayment Choices in Pre-treatment Decisions by Treatment Group

Treatment Decisions Participants Mean Repayment Standard Deviation Decisions paying min. Participants paying min. Decisions paying max.
Baseline 366 122 72.61475 30.00259 95 48 71

Baseline Plus Advice 372 372 69.08333 29.29294 106 58 64
Anchoring 369 123 72.82114 30.18369 108 57 92

PLD (low skew) 366 122 67.38798 30.63514 111 57 62
PLD (high skew) 363 121 69.70523 31.88418 92 45 87
Expected Value 366 122 72.80601 28.47903 109 52 71

Higher Min 372 124 69.32527 32.09276 104 51 84
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Table 7: Summary of Characteristics by Treatment Group

Treatment:
Variable of interest: Baseline Baseline Plus Advice Higher Min Anchor PLD (high skew) PLD (low skew) EV of PLD
Sample size N=122 N=124 N=124 N=123 N=121 N=122 N=122
Average total repayments for pre-treatment 217.8 (78.1) 207.3 (72.4) 208.0 (85.4) 218.5 (78.0) 209.1 (86.5) 202.2 (81.6) 218.4 (74.3)
Number paying minimum in Q1 28 (23.0%) 36 (29.0%) 36 (29.0%) 32 (26.0%) 30 (24.8%) 39 (32.0%) 38 (31.1%)
Number paying minimum in Q2 39 (32.0%) 40 (32.3%) 36 (29.0%) 42 (34.1%) 37 (30.6%) 41 (33.6%) 39 (32.0%)
Number paying minimum in Q3 28 (23.0%) 30 (24.2%) 32 (25.8%) 34 (27.6%) 25 (20.7%) 31 (25.4%) 32 (26.2%)
Number paying below minimum in Q1 19 (15.6%) 21 (16.9%) 23 (18.5%) 21 (17.1%) 29 (24.0%) 26 (21.3%) 17 (13.9%)
Number paying below minimum in Q2 17 (13.9%) 22 (17.7%) 25 (20.2%) 18 (14.6%) 27 (22.3%) 23 (18.9%) 14 (11.5%)
Number paying below minimum in Q3 13 (10.7%) 17 (13.7%) 20 (16.1%) 12 (9.8%) 17 (14.0%) 14 (11.5%) 9 (7.4%)
Number with credit card 115 (94.3%) 115 (92.7%) 120 (96.8%) 115 (93.5%) 116 (95.9%) 110 (90.2%) 116 (95.1%)
Number who have paid the min on their credit card 84 (68.9%) 91 (73.4%) 84 (67.7%) 90 (73.2%) 89 (73.6%) 83 (68.0%) 91 (74.6%)
Number who have played the lottery 51 (41.8%) 58 (46.8%) 52 (41.9%) 46 (37.4%) 55 (45.5%) 47 (38.5%) 51 (41.8%)
Number of males 67 (54.9%) 61 (49.2%) 58 (46.8%) 65 (52.8%) 64 (52.9%) 66 (54.1%) 62 (50.8%)
Number incorrectly answering attention question 2 (1.6%) 5 (4.0%) 3 (2.4%) 2 (1.6%) 3 (2.5%) 0 (0.0%) 1 (0.8%)
Number of correct answers to review questions
0 2 (1.6%) 3 (2.4%) 1 (0.8%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
1 1 (0.8%) 2 (1.6%) 5 (4.0%) 2 (1.6%) 4 (3.3%) 0 (0.0%) 0 (0.0%)
2 4 (3.3%) 1 (0.8%) 1 (0.8%) 1 (0.8%) 0 (0.0%) 0 (0.0%) 1 (0.8%)
3 0 (0.0%) 6 (4.8%) 3 (2.4%) 4 (3.3%) 5 (4.1%) 7 (5.7%) 3 (2.5%)
4 6 (4.9%) 15 (12.1%) 13 (10.5%) 10 (8.1%) 13 (10.7%) 9 (7.4%) 9 (7.4%)
5 48 (39.3%) 56 (45.2%) 38 (30.6%) 47 (38.2%) 51 (42.1%) 44 (36.1%) 48 (39.3%)
6 61 (50.0%) 41 (33.1%) 63 (50.8%) 59 (48.0%) 48 (39.7%) 62 (50.8%) 61 (50.0%)
Financial literacy score
0 2 (1.6%) 1 (0.8%) 0 (0.0%) 0 (0.0%) 2 (1.7%) 0 (0.0%) 0 (0.0%)
1 4 (3.3%) 6 (4.8%) 4 (3.3%) 4 (3.3%) 9 (7.4%) 5 (4.1%) 6 (4.9%)
2 13 (10.7%) 22 (17.7%) 20 (16.3%) 11 (8.9%) 13 (10.7%) 16 (13.1%) 18 (14.8%)
3 103 (84.4%) 95 (76.6%) 99 (80.5%) 108 (87.8%) 97 (80.2%) 101 (82.8%) 98 (80.3%)
Average time taken to complete (in seconds) 1012.1 (480.9) 1009.2 (455.5) 1064.0 (553.7) 1098.4 (560.6) 1136.3 (565.9) 1114.9 (485.4) 1136.5 (520.7)
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Table 8: Checking Randomisation Through Pre-Treatment Repayment Decisions

Baseline Plus Advice Anchor PLD (high skew) PLD (low skew) Expected Value Higher Min.

Baseline
.27049536, .5879786,
.46744654, .62919331

.95046902, .4856624,
.90620637, .27426815

.4093155, .89810818,
.1028064, .36478734

.12590718, .36495107,
.32903358, .59874582

.95309067, .43632296,
.48956999, 1

.34422618, .67890149,
.22954646, .51109779

Baseline Plus Advice
.24217522, .86917609,
.54170829, .11321191

.8548938, .50543928,
.3439413, .16378224

.60526615, .70085317,
.78707623, .9528017

.23306593, .79127753,
.15675275, .62919331

.94242024, .91049141,
.60525715, .2474847

Anchor
.3757925, .4131667,

.12768184, .85626251
.11078322, .82651287,
.3878521, .10988652

.99627703, .91699702,
.41790479, .27426815

.31365854, .78667867,
.27446744, .6476199

PLD (high skew)
.51941079, .30612808,
.50396585, .15800358

.36889768, .37076783,
.02285326, .36478734

.91730398, .59214008,
.68214715, .78680658

PLD (low skew)
.1045192, .91287541,
.10032826, .59874582

.5850687, .62975556,
.80375522, .23744205

Expected Value
.30615726, .71550143,
.06485107, .51109779

Cells shows p-values from testing equality of, in order: repayments, probability of paying minimum, probability of paying below minimum, probability of paying maximum. P-values reaching significance at the 5 percent level are shown in red.
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B.2 Robustness Checks

Table 9: Robustness Checks – OLS with Controls, Probit Marginal Effects

OLS with Controls Probit Marginal Effects
(1) (2) (3) (4) (5)

Average Repayments Pr. of Paying Min. Pr. Pay Below Min. Pr. Pay Above Min. Pr. of Paying Min.
PLD (high skew) 18.02∗∗∗ -0.677∗∗∗ -0.00472 0.682∗∗∗ -0.693∗∗∗

(2.418) (0.0691) (0.0441) (0.0693) (0.0676)

Constant 47.91∗∗∗ 0.893∗∗∗ 0.280 -0.173
(11.05) (0.240) (0.195) (0.239)

Decision Controls Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes No
Observations 187 187 187 187 187
R2 0.680 0.530 0.110 0.576

Robust standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 10: Robustness Checks – Difference-in-differences, Individual Fixed Effects

Diff-in-Diff Individual Fixed Effects
(1) (2) (3) (4)

Average Repayments Pr. of Paying Min. Average Repayments Pr. of Paying Min.
Treated -1.159 -0.144∗∗∗

(1.571) (0.0442)

PLD (high skew) 0.335 0.0193∗∗

(1.275) (0.00876)

PLD (high skew) × Treated 17.90∗∗∗ -0.691∗∗∗ 17.20∗∗∗ -0.782∗∗∗

(2.833) (0.0684) (2.566) (0.0617)

Constant 60.26∗∗∗ 0.982∗∗∗ 60.24∗∗∗ 0.978∗∗∗

(0.956) (0.00599) (0.666) (0.0148)

Decision Controls Yes Yes Yes Yes
Observations 374 374 374 374
R2 0.402 0.697

Robust standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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C Robustness Checks and Results Tables

C.1 Robustness Checks

Several robustness checks are conducted for these results. First, to account for the fact that

there may be observed heterogeneity amongst participants, the regressions from Table 11

are re-run with a set of controls including gender, age, self-reported risk tolerance (out of

7, where 7 is extremely risk tolerant), number of correct review questions (out of 6) and

financial literacy score (out of 3). These regressions are reported in Table 9 in Appendix

B. From regressions (1)-(4) in Table 9 the effect sizes do not change considerably with the

controls and the reported effect sizes in Table 11 remain significant.

Secondly, there may be unobserved heterogeneity at work if the randomisation was not

effective. If there is unobserved heterogeneity between the PLD (high skew) treatment sam-

ple and the Baseline sample, then this can be adjusted for using a difference-in-differences

design. Each participant does the same three pre-treatment decisions. It is possible that as

participants complete more questions their repayment preferences change. This is measured

by the trend in repayment choices between the pre-treatment and the treated Baseline deci-

sions. Assume that in the absence of the PLD, participants in this treatment’s preferences

would otherwise evolve identically to the trend between the pre-treatment and the Baseline.

Therefore the effect of PLD using difference-in-differences can be estimated as from equation

(16) (where HPLD is an indicator equal to 1 for decisions made in the PLD (high skew)

treatment and 0 otherwise) in regressions (1) and (2) of Table 10 in Appendix B, again

finding very similar effect sizes and the same level of statistical significance as in Table 11.

Outcomejit = β0 + β1Treatedt + β2HPLDi + β3Treated×HPLDit

+ β4Decision2jt + β5Decision3jt + εjit (16)

Thirdly, if the randomisation was not effective, the unobserved characteristics of the partici-

pants themselves may be an issue. This is controlled for by re-estimating with individual fixed

effects (αi) as in equation (17) in regressions (3) and (4) of Table 10 yielding, statistically

significant results to the estimates in Table 11.

Outcomejit = β0 + β1HPLDit + β2Decision2jt + β3Decision3jt + αi + εjit (17)

Finally, in order to account for the fact that linear probability models can produce nonsensical

results (outcomes above 1 or below 0), a probit regression is run and the marginal effects are

reported in regression (5) of Table 9. Again, PLD is associated with a similar magnitude of

effect and the same level of significance as in Table 11.
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All of these robustness checks yield similar results to the OLS point estimates in Table 11.

Therefore it seems that the random assignment of treatments was successful and standard

OLS estimation is appropriate.

C.2 Results Tables

Table 11: Regressions of treated PLD and Baseline decisions for minimum repayment
population

(1) (2) (3) (4)
Repayments Pr. of Paying Min. Pr. Pay Below Min. Pr. Pay Above Min

PLD (high skew) 18.23∗∗∗ -0.691∗∗∗ -0.00673 0.698∗∗∗

(2.474) (0.0685) (0.0427) (0.0677)

Constant 59.10∗∗∗ 0.858∗∗∗ 0.0380 0.105∗∗

(1.357) (0.0445) (0.0327) (0.0414)

Decision Controls Yes Yes Yes Yes
Observations 187 187 187 187
R2 0.610 0.478 0.009 0.497

Robust standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 12: Comparison between Baseline, Baseline Plus Advice and PLD (high skew) for
minimum repayment population

Baseline vs Advice PLD vs Advice
(1) (2) (3) (4)

Repayments Pr. of Paying Min. Repayments Pr. of Paying Min.
Baseline Plus Advice 9.244∗∗∗ -0.354∗∗∗

(1.872) (0.0778)

PLD (high skew) 9.006∗∗∗ -0.339∗∗∗

(2.750) (0.0863)

Constant 58.43∗∗∗ 0.871∗∗∗ 66.92∗∗∗ 0.487∗∗∗

(0.987) (0.0505) (1.792) (0.0735)

Decision Controls Yes Yes Yes Yes
Observations 201 201 198 198
R2 0.636 0.144 0.506 0.132

Robust standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 13: Comparison between Baseline Plus Advice, Anchor and PLD (high skew) for
minimum repayment population

Anchor vs Advice PLD vs Anchor
(1) (2) (3) (4)

Repayments Pr. of Paying Min. Repayments Pr. of Paying Min.
Anchoring 3.442 -0.102

(2.155) (0.0949)

PLD (high skew) 5.503∗∗ -0.239∗∗∗

(2.682) (0.0870)

Constant 67.23∗∗∗ 0.489∗∗∗ 71.29∗∗∗ 0.374∗∗∗

(1.641) (0.0755) (1.867) (0.0752)

Decision Controls Yes Yes Yes Yes
Observations 214 214 200 200
R2 0.609 0.013 0.542 0.072

Robust standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 14: Comparison between PLD (low skew), PLD (high skew), Expected Value (EV) for minimum repayment population

EV vs PLD (low skew) PLD (low skew) vs PLD (high skew) EV vs PLD (high skew)
(1) (2) (3) (4) (5) (6)

Average Repayments Pr. of Paying Min. Average Repayments Pr. of Paying Min. Average Repayments Pr. of Paying Min.
Expected Value 3.908 -0.134∗∗ 3.018 -0.0573

(2.598) (0.0632) (3.029) (0.0642)

PLD (low skew) -0.908 0.0766
(2.793) (0.0767)

Constant 74.37∗∗∗ 0.170∗∗∗ 75.95∗∗∗ 0.102∗ 75.67∗∗∗ 0.120∗∗

(1.947) (0.0544) (2.477) (0.0611) (2.344) (0.0592)

Decision Controls Yes Yes Yes Yes Yes Yes
Observations 220 220 203 203 201 201
R2 0.479 0.044 0.446 0.015 0.447 0.012

Robust standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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D Link to the Online Experiment

The full experiment can be accessed at:

https://sydney.au1.qualtrics.com/jfe/form/SV_4UBbN0cEnDURnUN.

There are seven randomly assigned treatments in the experiment. The initial instructions, re-

view questions, pre-treatment questions and questionnaire are common to all treatments. For

readers who wish to see the treated decision instructions for each of the different treatments,

this will require re-running the experiment linked above seven times to see each treatment.

Alternatively, a PDF containing the instructions for each treatment and the questionnaire can

be accessed at: https://drive.google.com/file/d/1dZEWiq1s0f1JAl3M0F6vxN3EzoP_4SbL/view?

usp=sharing.

An example of the decision screen shown to participants is shown in Figure 6, below. The advice

screen shown in all treatments except for the Baseline is shown in Figure 7.
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Figure 6: Example decision screen
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Figure 7: Example advice screen
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