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Abstract: Consider the default that applies to a group of individuals in a setting featuring many ordered 
options. We present a framework for understanding how the default influences the group’s distribution of 
outcomes. A key input for the framework is the distribution of latent options—the options that individuals 
would choose if they were forced to make a choice in the absence of a default. In the framework, the 
default acts as an attraction point. For individuals whose latent options are in a neighborhood of the 
default, the default pulls their outcomes to be closer to the default. To provide support for the assumptions 
of the framework, we report the results of new field experiments in the domain of retirement savings, and 
we discuss the relationship between the framework and prior empirical evidence on defaults. The 
framework guides policy makers who have the opportunity to select a default. 
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1. Introduction 

 When asked to identify the greatest contribution of behavioral economics to policy, Richard H. 

Thaler, winner of the Nobel Memorial Prize in Economic Sciences for his work on behavioral economics, 

offered two retirement savings policies, and the first was “changing the default” from non-participation to 

participation in defined contribution plans.1,A Past research has documented that moving from an opt-in 

plan—which implements a default savings rate of zero for individuals who do not actively elect a 

different rate—to an opt-out plan—which features a strictly positive default savings rate—increases plan 

participation dramatically.2-8 In a 2016 survey, 60% of 401(k) plans indicated that they use opt-out 

policies,9 and such policies have been implemented at the national level in the United Kingdom, New 

Zealand, and Turkey. 

 The use of defaults is not limited to retirement plans. Changing the default changes outcomes in 

domains such as organ donation,10-12 insurance,13 online marketing,14 consumer product choice,15 energy 

use,16 tipping,17 medication prescriptions,18-19 and charitable donations.20-21 A recent meta-analysis 

documents the effects of defaults across settings.22 

 In this paper, we offer guidance to policy makers who must choose a default among many 

ordered options.B We present a framework for understanding the effects of defaults. We label the 

framework an “empirical model” because it does not specify the economic and psychological mechanisms 

driving individuals’ responses to defaults. It merely describes how different defaults shape the distribution 

of outcomes. To match our experimental evidence and to use concrete terminology, we discuss the model 

using the language of defined contribution retirement savings plans, such as 401(k) plans. 

 A key input to the model is the distribution of “latent” contribution rates, which we define as the 

contribution rates that individuals would select if they were forced to choose in the absence of a default. 

In the model, the default is an attraction point. When a person’s latent contribution rate is close to the 

default, the default is likely to cause the person to shift from the latent contribution rate in the direction of 

the default. When a person’s latent contribution rate is far from the default, the default is less likely to 

influence the person’s outcome. 
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 Data from new field experiments, which we conducted prior to developing the model, provide 

empirical evidence consistent with the model. An important feature of our primary experiment (Study 1) 

is that one condition asks individuals to select contribution rates in the absence of a default, revealing the 

distribution of latent contribution rates.20-21,23-25 Study 1 also features a 7% default condition and a 10% 

default condition. The default conditions do not increase the mean contribution rate relative to the no 

default condition, but this does not imply that the defaults have no influence on outcomes. The defaults 

change the distribution of contribution rates in ways that are consistent with the model, for example by 

increasing the fraction of individuals with contribution rates equal to the default. Our findings are also 

consistent with previous research, and we discuss how the empirical evidence on defaults aligns with the 

model assumptions. We calibrate the parameters of the model using our experimental data and find that 

the influence of defaults is weaker in our setting than in other settings. 

 To draw out the implications of the model, we take the perspective of a policy maker who 

generally wishes to shift contribution rates upwards.C The policy maker may believe, for example, that a 

group of individuals is saving too little and should increase their retirement plan contributions.8 This 

perspective distinguishes our paper from prior work on how to set defaults,23,26 and analogous 

perspectives may apply in other settings. Perhaps a group of workers sets their office thermostats to too 

high a temperature during the winter and should generally decrease their thermostat settings,16 or perhaps 

a group of physicians is overprescribing brand-name medications and should generally switch to 

prescribing generic equivalents.18-19 

 According to our model, the policy maker must balance several considerations. When the default 

is above an individual’s latent contribution rate, increasing the default will pull the individual’s 

contribution rate higher, conditional on influencing that individual. However, holding fixed the 

individual’s latent contribution rate, a higher default is less likely to influence that individual. At the same 

time, the default may pull down the contribution rates of individuals whose latent contribution rates are 

higher than the default. 
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 The policy maker who is seeking to increase the mean contribution rate should select a default 

that pulls many contribution rates up while pulling few down. In general, the policy maker should choose 

a default that is above a cluster of popular latent contribution rates. When the default has a weak 

influence, the default that maximizes the mean contribution rate is likely to be only slightly above that 

cluster. When the default has a strong influence, the default that maximizes the mean contribution rate is 

likely to be further above the cluster. 

 While this guidance presumes that the policy maker has knowledge of both the distribution of 

latent contribution rates and the strength of the default, the final section of the paper also addresses cases 

in which the policy maker’s ability to gather this information is limited. In addition, the final section 

discusses caveats to our analysis and factors outside the model that the policy maker should consider. 

 

2. The Model 

 Our empirical model has three ingredients: (1) the distribution of latent contribution rates, (2) the 

location of the default, and (3) a formula governing whether and to what extent the default affects an 

individual with a given latent contribution rate. 

 To make the terminology precise, consider our experimental setting. An individual visits a 

website for selecting a contribution rate. When there is no default, the individual uses the keyboard to 

enter a number into a blank space. Then, the individual can either proceed with that initial number or take 

steps to select a different number, whether by interacting with the website further or by returning to the 

website soon thereafter. An individual’s latent contribution rate is defined as the individual’s contribution 

rate at the end of this process. 

 When a default is in place, the individual visits the website and sees that the space has already 

been filled in with the default contribution rate. Again, the individual can either proceed with that initial 

number or take steps to select a different number. 
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 The heart of the model is the third ingredient, which is decomposed into two steps. Given the 

default and an individual’s latent contribution rate, what is the likelihood that the individual is affected by 

the default? Then, conditional on being affected, what is the individual’s ultimate contribution rate? 

 Given an individual’s latent contribution rate L and the default D, we assume that the probability 

that the individual is influenced by the default is generally decreasing in the absolute distance between L 

and D, but that there are certain latent contribution rates that individuals find particularly attractive. We 

see in our experiments and in other data sets that individuals like to choose contribution rates that are 

multiples of five, so we define the function A(L), the adjustment factor for attractive contribution rates, to 

be equal to the parameter F (where 0 ≤ F ≤ 1) when L is a multiple of five and equal to zero otherwise. 

Then, we define the parameter R to be the radius within which the default has an effect. An individual 

whose latent contribution rate is equal to the default is 100% likely to be influenced by the default. An 

individual whose latent contribution rate is a distance of exactly R away from the default has zero 

probability of being influenced by the default. The probability that the default has an effect declines 

linearly between those two points, except when the latent contribution rate is a multiple of five. In 

mathematical notation, for |D – L| ≤ R, the probability that the individual is influenced by the default is 

(1 – A(L)) × (1 – |D – L| / R). The probability is zero for |D – L| > R. Note that we set the probability for 

|D – L| > R equal to zero for the sake of simplifying the model. In reality, even individuals whose latent 

contribution rates are very far from the default are likely to have a non-zero probability of being 

influenced by the default. Our simplifying assumption is meant to capture the notion that this probability 

is likely to be much closer to zero than the corresponding probability for an individual whose latent 

contribution rate is close to the default. 

 We assume that conditional on being affected by the default, an individual ends up with the 

contribution rate ((1 – W)L + WD), where 0 ≤ W ≤ 1. This is a weighted average of the latent contribution 

rate and the default. Because the online interface in our experiment encouraged individuals to choose 

contribution rates as whole number percentages, we round the contribution rate given by the formula to 

the nearest whole number. 
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 To illustrate how the model works, we construct two examples. Figure 1 shows the first example. 

The white bars display a distribution of latent contribution rates, which is the distribution of contribution 

rates observed in our primary experiment when there is no default. The grey and black bars show the 

distribution of contribution rates when the default is 7% or 10%, respectively, as predicted by the model 

with R (the radius within which the default has an effect) taking a value of 12, F (the value of the 

adjustment factor for contribution rates that are multiples of five) taking a value of 0.3, and W (the weight 

placed on the default among individuals affected by the default) taking a value of 0.9. These values imply 

that the default has a strong impact, and the grey and black bars show that a wide swathe of the 

distribution is drawn towards the default. 

 Figure 2 shows the second example, which is the same as the first except that we use R = 1.5, F = 

0.3, and W = 0.7. As we explain later in the paper, these values give the best fit for our data. They imply a 

weaker default effect, but the grey bars indicate that the 7% default still draws in individuals whose latent 

contribution rates are 6% or 8%. The black bars show that the 10% default has less of an impact on the 

distribution. It draws in individuals whose latent contribution rates are 9% or 11%, but few individuals 

have those latent contribution rates. 

 As mentioned in the Introduction, we construct our empirical model without specifying the 

mechanisms driving individuals’ responses to defaults. Nonetheless, our model can be compared to 

existing models that do articulate mechanisms for default effects. Our model implies that individuals 

whose latent contribution rates are closer to the default are more likely to be impacted by the default, and 

this feature is shared with models that assume individuals face a cost of opting out of the default.21,23,26 In 

these models, individuals’ latent contribution rates are assumed to be their most preferred contribution 

rates, and individuals whose latent contribution rates are far from the default therefore have a stronger 

incentive to incur the opt-out cost and switch to their most preferred contribution rates. Individuals whose 

latent contribution rates are close to the default have a weaker incentive to incur the opt-out cost and are 

more likely to remain at the default. At the same time, our model is distinct from models involving opt-

out costs because our model allows for the possibility that the default increases the probability that 
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individuals choose contribution rates close to but not equal to the default. In a model of opt-out costs, 

individuals who incur the opt-out cost choose their latent contribution rates, so the default does not 

increase the prevalence of contribution rates close to but not equal to the default. An anchoring model, on 

the other hand, does allow for the default to cause such an increase.26 As we will describe in the next 

section, however, we do not observe such an increase in our empirical setting, so our data cannot 

distinguish among mechanisms underlying default effects. 

 

3. Evidence 

3.A. Experimental Design 

 We conducted three field experiments in collaboration with Voya, a U.S. retirement services and 

recordkeeping provider. We focus on Study 1 because it includes a condition with no default, allowing us 

to observe the distribution of latent contribution rates. In this subsection, we describe Study 1. We 

describe Studies 2 and 3, which were similar, in a later subsection. For details, see the Supplemental 

Material. 

 We worked with the segment of Voya that helps employers manage retirement savings plans. For 

a subset of employers, employees who became eligible for the retirement plan were invited to visit a 

Voya-administered website, Voya Enroll, to begin contributing. SM Figures 1-8 show screenshots. 

 Randomization occurred when employees reached the webpage on which they selected their 

contribution rates. Study 1 featured three conditions. In the 7% default and 10% default conditions, the 

space for indicating the desired contribution rate was prepopulated with a default of 7% or 10%, 

respectively (SM Figure 4). In the no default condition, the space for indicating the desired contribution 

rate was empty when the webpage loaded, and a blinking cursor suggested that the employee should enter 

a number (SM Figure 5). As soon as a number was entered, the webpage transformed to appear as if the 

entered number had been the prepopulated contribution rate (as in SM Figure 4). In all three conditions, 

employees could increase or decrease their chosen contribution rate away from the initial rate by clicking 

on “+” or “-” buttons. 
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 As specified when we pre-registered Study 1 (SM Figure 9), our primary outcome variable is the 

contribution rate in effect 60 days after the initial Voya Enroll visit, winsorized (to reduce the influence of 

outliers) by setting values below the 1st percentile equal to the 1st percentile and values above the 99th 

percentile equal to the 99th percentile. The choice of a 60-day window balances two factors. First, using 

too long a window introduces substantial noise into our measurement of default effects. A range of 

factors, such as salary increases, financial emergencies, and changes in the employment status of family 

members, cause individuals to change their contribution rates over time and make it more difficult to 

observe the effect of defaults at long horizons. On the other hand, using too short a window, for example 

by analyzing contribution rates one day after the initial Voya Enroll visit, fails to capture adjustments that 

employees make as they respond to defaults. Some employees choose not to enroll in the plan when they 

first visit Voya Enroll, but they return a few days later and select a positive contribution rate. 

3.B. Experimental Results and Prior Literature Supporting the Model Assumptions 

 As shown in Table 1, approximately half of the individuals in Study 1 were male. The mean age 

was 38, and the mean annual salary was approximately $70,000. These characteristics were not 

statistically significantly different across the three conditions. 

 Following our pre-registered analysis plan, we perform ordinary least squares regressions with 

contribution rate as the outcome variable and indicators for experimental condition as the explanatory 

variables of interest. The point estimates indicate that relative to having no default, the 7% default 

decreased the mean contribution rate by 0.02 percentage points when omitting controls for gender, age, 

and salary and by 0.04 percentage points when including controls, while the 10% default increased the 

mean contribution rate by 0.08 percentage points when omitting controls and by 0.06 percentage points 

when including controls. None of these estimates are statistically significant, and all of them are small in 

magnitude. When we use the same regression framework to investigate whether the 7% default and 10% 

default increased the likelihood that an individual has a contribution rate greater than zero, we similarly 

find estimates that are small in magnitude and not statistically significant. 
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 We had hypothesized that the 7% default and 10% default would increase the mean contribution 

rate relative to having no default, so we were surprised by these results. However, the lack of an effect on 

the mean contribution rate does not imply that the defaults did not influence contribution rates. The 

analyses reported below, which were not pre-registered, indicate that the defaults indeed had impacts on 

the distribution of contribution rates. We use these findings to offer empirical support for our model 

assumptions. 

 Figure 3 shows the contribution rate distributions in the experimental conditions. It is 

immediately apparent that individuals are attracted to contribution rates that are multiples of five. This 

finding accords with previous work4 and is the reason for the assumption in our model that individuals 

whose latent contribution rates are multiples of five may be less likely to be influenced by defaults.D 

 Figure 4 formally compares the contribution rate distributions in the 7% default and 10% default 

conditions to the no default condition. We conduct a series of ordinary least squares regressions where the 

outcome variable is an indicator for the contribution rate being equal to C%, with C taking on each 

integer value from zero to 15. We also conduct a regression where the outcome variable is an indicator for 

the contribution rate being greater than or equal to 16%. The explanatory variables are indicators for the 

7% default and 10% default conditions. In Figure 4, the value for C varies along the horizontal axis. The 

vertical bars indicate the point estimates for the effect of the 7% default or the 10% default on the 

likelihood of having a contribution rate equal to C%, relative to having no default. The whiskers give 

95% confidence intervals. 

 Figure 4 indicates that relative to having no default, the 7% default causes a statistically 

significant increase in the fraction of individuals with a 7% contribution rate, and the 10% default causes 

a statistically significant increase in the fraction of individuals with a 10% contribution rate. This finding 

is consistent with our model, which implies that some individuals with latent contribution rates close to 

the default end up choosing the default. This finding is also consistent with the prior literature on default 

effects, which documents that the default is chosen frequently.2-6,17,20-21 
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 The model further implies that individuals sometimes end up choosing the default both when their 

latent contribution rates are below the default and when their latent contribution rates are above the 

default. Consistent with this prediction, the 7% default decreases the fraction of employees with a 

contribution rate less than or equal to 6% and decreases the fraction of employees with a contribution rate 

greater than or equal to 8%. The 10% default decreases the fraction of employees with a contribution rate 

less than or equal to 9% and decreases the fraction of employees with a contribution rate greater than or 

equal to 11%, although the last estimate is not statistically significant, perhaps due to a floor effect. These 

results are consistent with previous findings.5-6,20-21 

 Finally, the model assumes that the default is more likely to influence an individual whose latent 

contribution rate is close to the default than an individual whose latent contribution rate is far from the 

default. This assumption is consistent with past research.5-6,17,20-21 Additional analyses of the Study 1 data 

also provide suggestive evidence that is consistent with the assumption, as we describe in more detail in 

Section E of the Supplemental Material, although it is important to emphasize that the statistical power of 

these tests is low.E As we discuss in the next subsection, the calibration of our model similarly suggests 

that defaults indeed have an influence only on individuals whose latent contribution rates are close to the 

default. 

3.C. Model Calibration 

 To calibrate our model, we combine data from Study 1 with data from Studies 2 and 3. Studies 2 

and 3 were conducted prior to Study 1 and were not pre-registered. They have the same design as Study 1 

except that they do not have a no default condition and instead have conditions with integer contribution 

rate defaults 6% through 11%. See the Supplemental Material. 

 Given particular values of the model parameters R, F, and W, and given the distribution of latent 

contribution rates from the no default condition of Study 1, we calculate the model’s predictions for the 

distribution of contribution rates with a 6%, 7%, 8%, 9%, 10%, or 11% default. Then, we compare the 

model’s predictions to the observed distributions of contribution rates in Studies 1, 2, and 3, and we 

calculate a summary measure of the extent to which the predicted and observed distributions differ. The 
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model best fits the data when the parameters take a combination of values that minimizes the summary 

measure of differences, as described in detail in the Supplemental Material. 

 The model best fits the data when R (the radius within which the default has an effect) takes a 

value of 1.5, F (the value of the adjustment factor for contribution rates that are multiples of five) takes a 

value of 0.3, and W (the weight placed on the default among individuals affected by the default) takes a 

value in the interval 0.5 < W ≤ 1.0 (with R = 1.5, the model makes the same predictions for all of these 

values of W). Of course, the model’s predictions using the best-fitting parameter values do not capture 

every feature of the data. For example, the model with these parameter values predicts that the default 

does not affect individuals whose latent contributions rates are two percentage points or more away from 

the default. However, the 7% default condition leads to a statistically significant 2.2 percentage point 

decrease in the fraction of individuals who choose contribution rates of 5% or less and a statistically 

significant 2.4 percentage point decrease in the fraction of individuals who choose contribution rates of 

9% or more, relative to the no default condition. Similarly, the 10% default condition leads to a 

statistically significant 2.2 percentage point decrease in the fraction of individuals who choose 

contribution rates of 8% or less, relative to the no default condition. (The 10% default condition does not 

have a statistically significant effect on the fraction of individuals who choose contribution rates of 12% 

or more, relative to the no default condition). With these caveats, the best-fitting parameter values for the 

model include a low value of R, indicating that the default tends to attract individuals whose latent 

contribution rates are close to the default. 

 Figure 5 shows the model’s predictions, given the best-fit parameter values, for the mean 

contribution rate as the default varies. The model-predicted mean reaches a peak at a default of 6%, and 

the mean for a default of 7% is nearly identical.F 

 

4. Implications 

 Our model applies to many contexts beyond retirement savings. The designer of a smart 

thermostat can set the default temperature that a home’s heating and cooling system targets. The designer 
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of an electronic health record system can set the default number of pills prescribed by a physician for a 

given patient profile and medication. The designer of a webpage for charitable contributions can set the 

default donation amount. The model parameter values that best fit our experimental data are unlikely to 

be the parameter values that are appropriate when applying the model in other domains. Nonetheless, the 

discussion in subsection 3.B indicates that evidence from a variety of contexts supports the assumptions 

of the model, suggesting that the structure of the model is indeed applicable in a range of settings. 

 If the policy maker is trying to increase the mean outcome, our model provides guidance for 

selecting a default. First, the policy maker should consider the distribution of latent outcomes. Next, the 

policy maker should gauge how influential the default is. With this information, the policy maker should 

place the default such that it pulls up the outcomes of many individuals while pulling down the outcomes 

of few individuals. If the default is weak (R, the radius within which the default has an effect, is small), 

the default that maximizes the mean outcome is likely just above a cluster of popular latent outcomes. If 

the default is strong (R is large), the default will likely be higher. When F (the value of the adjustment 

factor for focal options in the choice set) is high, the policy maker must be wary of latent outcomes that 

individuals are reluctant to leave. 

 For a policy maker to implement this guidance, the ideal approach would be to run an experiment 

similar to Study 1, featuring a condition with no default (to observe the distribution of latent outcomes) 

and conditions with defaults (to estimate the strength of the default). If this approach is not feasible, non-

experimental data are informative. If few individuals end up with the default option, the influence of the 

default is weak, and the distribution of observed outcomes gives an approximation to the distribution of 

latent outcomes. If many individuals end up with the default option, the influence of the default is strong. 

In this case, it is difficult to learn the distribution of latent outcomes, but the prescription is that the policy 

maker should push the default to be more extreme in order to shift outcomes in the desired direction. 

 For additional insight into the likely strength of the default, a policy maker can rely on past 

research. According to prior work, defaults are more impactful in consumer domains and less impactful in 

environmental domains, and they are more influential when they communicate the policy maker’s 
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recommendation27 or serve as a reference point against which other options are judged28 than when they 

make the default option easy to implement.22 

 It is important to note limitations of our analysis. The model applies to our experimental setting 

and to many other settings, but it does not apply to all situations. For example, in situations where the 

default influences outcomes primarily because many people are inattentive—that is, they do not notice 

that a default is being implemented—the assumptions of the model may not be satisfied.29 In these 

situations, it is less likely true that the influence of the default is weaker as the difference between the 

default and the individual’s latent outcome increases. This observation highlights a key feature of our 

experimental setting. The individuals in our experiment made a choice to visit the website for enrolling in 

a retirement savings plan, so they were paying attention to the decision at hand.21 This fact may explain 

why the default effects we observe are weaker than some other default effects that have been documented 

previously in retirement savings plans.2-6 Perhaps the individuals in our experiment arrived at the website 

having already contemplated the contribution rate they would like to choose, diminishing the scope for 

the default to influence this decision. 

 Our paper has not addressed the moral considerations that a policy maker should have in mind 

when choosing a default. We have adopted the perspective of a policy maker who is trying to shift 

outcomes in one direction under the assumption that the policy maker has ethically sound reasons for 

doing so. For example, the policy maker may have strong reasons to believe that psychological biases are 

causing individuals’ choices to deviate systematically from the choices that would maximize their own 

welfare. For another example, the policy maker may wish to shift outcomes because individuals are 

making decisions in ways that do not account for externalities imposed on others. Policy makers who are 

less sure which outcomes are appropriate should use a different framework for contemplating default 

selection.26 They should be wary of subjecting individuals to the risk of significantly negative outcomes. 

 Our analysis points to some interesting extensions. We considered the choice of a single default 

for a population of individuals. If those individuals can be divided into easily identifiable subpopulations 

that have different model parameters and different latent outcome distributions, it would be possible to 
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assign each subpopulation to its own tailored default. This line of reasoning can be applied to situations in 

which the policy maker has a more complex objective than simply shifting outcomes upwards or 

downwards. For example, if a policy maker believes that individuals with low incomes have a greater or 

lesser need for higher retirement plan contribution rates than individuals with high incomes, default 

policies could be adjusted on the basis of observed income, with one group’s default chosen to increase 

contribution rates and the other group’s default chosen to promote more moderate contribution rates. If 

the policy maker’s objective depends on an individual’s unobserved attributes, it is interesting to ask 

whether the policy maker could elicit information about those attributes before assigning a default. 

 As another extension, it would be valuable to consider how a default might change over time. For 

example, consider the case of a smart thermostat. To reduce energy consumption, the thermostat might 

initially have a default temperature that is only slightly below the temperature that individuals would 

choose for themselves during winter. After a period of time, as individuals habituate to colder 

temperatures, the thermostat might have a lower default temperature. 

 Defaults affect the distribution of outcomes in subtle ways. By using our model, policy makers 

can select defaults for maximal impact. 
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Endnotes 
 
A. The second policy Thaler mentioned was automatic escalation of contribution rates in retirement 

plans, which is similar to the first because it sets future defaults. 
 
B. We do not address situations featuring a small number of options (say, five or fewer) in the choice 

menu. Our model could accommodate such situations, but the structure imposed by our model would 
be unnecessary. We also do not address situations featuring many unordered options, as they do not 
map onto the structure of our model. 

 
C. The implications of the model are symmetric for a policy maker who generally wishes to shift 

contribution rates downwards. 
 
D. One could make the argument that these people might be more likely to be influenced by defaults 

because they have thought less deeply about their contribution rate choices. However, as we show in 
subsection 3.C, our calibration exercise indicates that giving F a value of 0.3 gives the best fit for the 
data, suggesting that the assumption embedded in our model is the correct one. For additional 
evidence on the attractiveness of round numbers, see Pope, D., & Simonsohn, U. (2011). Round 
numbers as goals: Evidence from baseball, SAT takers, and the lab. Psychological Science, 22, 71-79. 

 
E. The functional form assumptions in the model impose symmetry between the effect of the default on 

individuals with lower latent contribution rates and the effect on those with higher latent contribution 
rates. The additional analyses described in Section E of the Supplemental Material provide a test of 
this assumption. The evidence does not contradict the assumption, but the statistical power of the test 
is low. We view the issue as an interesting one for future research to address. 

 
F. Note, however, that when we pool the data from Studies 2 and 3, we find that the 7% default leads to 

a higher mean contribution rate than the 6% default, an effect that is marginally statistically 
significant (SM Table 4). Given the confidence interval around this estimate and the number of 
experimental conditions, we do not view this result as contradictory to our model. 
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Table 1. Gender, Age, and Salary by Randomly Assigned Condition: Study 1 
 

 Experimental condition 
p-value from chi-squared or F 

test for null hypothesis that 
 No default 7% default 10% default conditions are equal 
Percentage male 53 52 52 0.66 

Mean age 
(standard deviation) 

38 
(12) 

38 
(12) 

38 
(12) 0.69 

Mean salary ($000s) 
(standard deviation) 

69 
(51) 

71 
(52) 

71 
(54) 0.16 

Observations 3,991 4,024 4,048  
 
  



Figure 1. Illustration of the Model with a Strong Default (R = 12, F = 0.3, W = 0.9) 
 
The white bars show the distribution of contribution rates in the no default condition in Study 1. The grey 
and black bars show the distribution of contribution rates predicted by the model for a 7% default and for 
a 10% default, respectively, using the distribution of contribution rates in the no default condition in 
Study 1 as the distribution of latent contribution rates and using the parameter values R = 12, F = 0.3, and 
W = 0.9. 
 

 
  



Figure 2. Illustration of the Model with a Weak Default (R = 1.5, F = 0.3, W = 0.7) 
 
The white bars show the distribution of contribution rates in the no default condition in Study 1. The grey 
and black bars show the distribution of contribution rates predicted by the model for a 7% default and for 
a 10% default, respectively, using the distribution of contribution rates in the no default condition in 
Study 1 as the distribution of latent contribution rates and using the parameter values R = 1.5, F = 0.3, and 
W = 0.7. These parameter values are the best fit for the experimental data (see subsection 3.C). 
 

 
  



Figure 3. Distributions of Contribution Rates by Randomly Assigned Condition: Study 1 
 
The white, grey, and black bars show the distribution of contribution rates in Study 1 in the no default 
condition, in the 7% default condition, and in the 10% default condition, respectively. Contribution rates 
are measured 60 days after the initial visit to the retirement plan enrollment website. 
 

 
  



Figure 4. The Effect of the 7% Default and the 10% Default on the Likelihood of the Contribution 
Rate Being Equal to a Given Value: Study 1 
 
We conduct a series of ordinary least squares regressions where the outcome variable is an indicator for 
the contribution rate being equal to C%, with C taking on each integer value from zero to 15. We also 
conduct a regression where the outcome variable is an indicator for the contribution rate being greater 
than or equal to 16%. The explanatory variables are indicators for the 7% default and 10% default 
conditions. The value for C varies along the horizontal axis. The vertical bars indicate the point estimates 
for the effect of the 7% default or the 10% default on the likelihood of having a contribution rate equal to 
C%, relative to having no default. The whiskers give 95% confidence intervals. 
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Figure 5. Mean Contribution Rate Predicted by the Model with Best-Fit Parameter Values (R = 1.5, 
F = 0.3, W = 0.7) as the Default Varies 
 
For each integer default contribution rate from zero to 15, we calculate the model’s prediction for the 
distribution of individual contribution rates and the mean of that distribution. As inputs to the model, we 
use the distribution of contribution rates in the no default condition in Study 1 as the distribution of latent 
contribution rates, and we use the parameter values R = 1.5, F = 0.3, and W = 0.7. These parameter values 
are the best fit for the experimental data (see subsection 3.C). The default contribution rate varies along 
the horizontal axis, and the vertical axis is the model-predicted mean contribution rate. The horizontal line 
in the middle of the figure shows the mean contribution rate in the no default condition in Study 1. 
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