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In a nationally representative sample, we predict retirement savings using survey-
based elicitations of exponential-growth bias (EGB) and present bias (PB). We find
that EGB, the tendency to neglect compounding, and PB, the tendency to value the
present over the future, are highly significant and economically meaningful predictors of
retirement savings. These relationships hold controlling for cognitive ability, financial
literacy, and a rich set of demographic controls. We address measurement error as a
potential confound and explore mechanisms through which these biases may operate.
Back of the envelope calculations suggest that eliminating EGB and PB would increase
retirement savings by approximately 12%. (JEL D91, D14)
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I. INTRODUCTION

Americans have an estimated $16.6 trillion
invested in employer-sponsored defined contri-
bution plans and individual retirement accounts
(IRAs; Investment Company Institute 2017).
The decline of traditional pension plans means
that balances in these individual accounts will
be the major determinant of retirement income
for millions of Americans, and these balances
vary considerably across individuals even after
conditioning on observables such as income,
age, and education. Because retirement asset
accumulation results from actions taken by the
individual—such as contribution decisions, asset
allocation, distribution decisions, etc.—variation
in individual abilities and attitudes toward saving
will become an increasingly important driver of
Americans’ ability to smooth consumption over
the lifecycle.

This paper examines the extent to which sur-
vey measures of two known biases predict dif-
ferences in retirement savings after controlling

ABBREVIATIONS

ALP: RAND American Life Panel
EGB: Exponential-Growth Bias
ICAR: International Cognitive Ability Resource
IRA: Individual Retirement Account
PB: Present Bias
UAS: University of Southern California’s Understand-
ing America Study
WLS: Weighted Least Squares
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for a rich set of controls in a nationally repre-
sentative sample. While standard intertemporal-
choice models predict that heterogeneity in time
preferences, as measured by the discount rate,
and features of the budget constraint, such as
liquidity constraints, influence retirement sav-
ings, the complexity of the problem increases
the likelihood that behavioral factors may influ-
ence saving choices. We focus on two biases
that may distort the constrained optimization
problem—maximize discounted lifetime utility
subject to the lifetime budget constraint—in
conceptually different ways. We find empirical
evidence that these biases significantly predict
economically important variation in retirement
savings, which suggests that such biases are
important to consider when evaluating retire-
ment policies.

The first bias we consider, exponential-growth
bias (EGB), is a perceptual bias whereby people
underestimate exponential growth processes
because of neglect of compound interest. This
bias distorts individuals’ perceptions of their life-
time budget constraint: a person with EGB will
underestimate the returns to saving and the costs
of holding debt. A large body of evidence sug-
gests that this bias is widespread and correlated
with predicted behaviors in the lab (Almenberg
and Gerdes 2012; Benzion, Granot, and Yagil
1992; Eisenstein and Hoch 2007; Keren 1983;
McKenzie and Liersch 2011; Wagenaar and
Sagaria 1975; Wagenaar and Timmers 1979).
Most relevant, Stango and Zinman (2009) lay
out a theoretical analysis of how EGB would
lead individuals to overborrow and to undersave,
and they present the first empirical evidence
that measures of individuals’ EGB predicts real-
world behavior. Levy and Tasoff (2016) show
how EGB can theoretically lead to undersaving
for retirement in a lifecycle-consumption model
and find real-world evidence of this relationship
in a survey.

The second bias we consider, present bias
(PB), is the tendency to overweight present con-
sumption relative to future consumption in a
dynamically inconsistent way (Laibson 1997;
O’Donoghue and Rabin 1999a; Strotz 1956).
This bias is qualitatively different from EGB in
that it modifies the objective function rather than
the perceived budget constraint, increasing the
importance of immediate consumption at each
point in time. A theoretical literature shows that
in lifecycle-consumption models, PB can lead
to lower savings relative to an unbiased person
who shares the same long-run discount factor

(Angeletos et al. 2001; Diamond and Köszegi
2003; Laibson 1997, 1998; Laibson, Repetto,
and Tobacman 1998; Zhang 2013). Furthermore,
present-biased agents may procrastinate on com-
pleting the often tedious process of enrolling in a
tax-deferred savings plan, also resulting in lower
savings (O’Donoghue and Rabin 1999a, 1999b,
2001).

While there are indeed an infinite number
of possible departures from the neoclassical
model of exponential discounting with accurate
perceptions, there are good reasons to focus on
these two. First, these two biases are readily
imported into standard economic frameworks,
enabling sharp predictions and welfare state-
ments. Second, they are theoretically predicted
to be particularly important for long-run choices
such as retirement savings. Third, further empir-
ical evidence for the importance of these biases
in retirement savings decisions is needed. There
is some evidence that EGB is negatively corre-
lated with total savings (Levy and Tasoff 2016;
Stango and Zinman 2009), and field experiments
show that interventions designed to address EGB
increase retirement savings (Goda, Manchester,
and Sojourner 2014; Song 2018). As for PB,
there is an extensive theoretical and experimental
literature, but an empirical link between direct
measures of PB and real-world retirement assets
is extremely limited.1

In addition, it is especially important to dis-
tinguish between the relative importance of these
two biases for retirement savings given the very
different policy prescriptions they would warrant.
For example, sophisticated present-biased agents
can achieve first-best outcomes with precommit-
ment policies, such as SaveMoreTomorrow™.
Naive present-biased agents may be prone to
procrastination on retirement savings, and may
explain much of the success of opt-out schemes
(Beshears et al. 2009). In contrast, precommit-
ment locks in exponential-growth biased agents’
most distorted choices. Their perceptions become
more accurate as the horizon approaches, and
thus they would benefit from flexibility to adjust
their consumption or savings in order to catch up.

1. Bernheim, Skinner, and Weinberg (2001) estimate a
long-run discount factor from consumption data. Ameriks,
Caplin, and Leahy (2003) use a time preference elicitation
measure that potentially identifies the long-run discount factor
but does not identify PB, while Eisenhauer and Ventura (2006)
and Bradford et al. (2017) correlate measures of PB with
a dichotomous variable for presences of a pension or any
retirement assets, respectively. Brown and Previtero (2014)
use procrastination behaviors as a proxy for PB and correlate
this with retirement contributions.
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We follow a survey-based approach to elicit
measures of EGB and PB in the spirit of a grow-
ing body of literature that uses “strategic surveys”
to identify behavioral and preference parame-
ters and predict choices in a variety of differ-
ent settings including, for instance, long-term
care insurance (Ameriks et al. 2011, 2015, 2017;
Brown, Goda, and McGarry 2011) and retire-
ment outcomes (Ameriks et al. 2007; Ameriks,
Caplin, and Leahy 2003; Banks, O’Dea, and Old-
field 2010; Barsky et al. 1997; Binswanger and
Carman 2012; Finke and Huston 2013; Hung,
Parker, and Yoong 2009; Lusardi and Mitchell
2007; van Rooij, Lusardi, and Alessie 2012). The
literature using this approach has largely focused
on how these outcomes relate to a single behav-
ioral characteristic at a time, for instance aversion
to public assistance, state-dependent utility, risk
preferences, the propensity to plan, financial lit-
eracy, self-control, or numeracy. Only one other
paper relates real-world outcomes to measures
of multiple behavioral biases in a nationally rep-
resentative sample (Stango and Zinman 2019).
Our paper differs from this recent work in that
we target retirement savings and the biases that
have a strong conceptual grounding for this out-
come, while Stango and Zinman (2019) aim to
provide an empirical foundation for behavioral
economics and thereby consider a wide-range of
biases that may be predictive of an individual’s
overall financial condition.

The main contribution of this paper is our
finding that our survey-based measures of EGB
and PB are both economically and statistically
significant predictors of retirement savings in a
representative sample of U.S. households. We use
our measures as explanatory variables in a regres-
sion model of retirement assets, controlling for
income, education, measures of risk preferences,
general financial literacy, and general cognitive
ability, as well as a host of other demographic
characteristics. We find that a one standard devi-
ation increase in our measure of PB is associated
with approximately $19,000 (10%) less retire-
ment savings at age 65. Similarly, a one standard
deviation increase in our measure of EGB is
associated with $20,000 (11%) less retirement
savings. Given the ongoing debate among exper-
imental and behavioral economists about how
to elicit these biases, it is perhaps all the more
surprising that we find that our measures remain
significant after controlling for a wide range of
potential confounds (risk preferences, cognitive
ability, etc.).

In addition, we provide some empirical evi-
dence for the relationship between these biases
and other financial outcomes, which may serve
as possible mechanisms through which the
biases may affect retirement savings. More PB
is associated with lower regular contributions to
one’s retirement fund and a greater total share
of assets invested in housing. This evidence is
consistent with Laibson (1997) who proposes
that present-biased individuals will invest in less
liquid assets. Turning to EGB, we do not find
evidence that it is associated with lower regular
contributions. However, EGB is associated with
greater payday loan use, in line with the theoreti-
cal prediction that those with EGB underestimate
the interest rate on short-term loans (Stango and
Zinman 2009).

The next section lays out the conceptual
framework and presents related literature. In
Section III we present the research design.
Section IV contains the main results. Section
V investigates the robustness of the findings,
including the role of measurement error. Section
VI concludes.

II. CONCEPTUAL FRAMEWORK

This section presents how the two biases
can be modeled in an intertemporal consump-
tion problem. While the empirical approach
used in this paper is reduced form, we present
the model to illustrate how these biases are
relevant for retirement savings decisions. We
consider the intertemporal consumption problem
of an agent who potentially exhibits both PB
and EGB.

A. Biases

We assume that PB takes the form of quasi-
hyperbolic discounting functions (Laibson 1997;
Phelps and Pollak 1968) over a vector of con-
sumption x∈ℝT − t+ 1 of the form:

(1) Ui,t (x) ≡ ui

(
xt

)
+ βi

T∑
τ=t+1

δτ−t
i ui

(
xτ
)

where T is the final period, t is the current
period, i is the individual, 1−βi is the degree
of PB, and δi is the (exponential) long-run dis-
count factor. The individual may overestimate
the βi used by future selves, as in O’Donoghue
and Rabin (1999a, 2001). Current utility is given
by Equation (1) but she incorrectly believes her
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future utility in period s> t is determined with
β̂i ≥ βi yielding:

(2) Ũi,s (x) ≡ ui

(
xs

)
+ β̂i

T∑
τ=s+1

δτ−t
i ui

(
xτ
)
.

The individual uses backward-induction given
her beliefs to solve for her perception-perfect
strategy (O’Donoghue and Rabin 1999a).

In addition to the possibility of having biased
time preferences, people may also be biased in
their perceptions of exponential growth, which
affects the perceived budget constraint. While PB
and EGB are both referred to as biases here and
in the literature, there is an important conceptual
distinction: PB may be considered a preference
while EGB is purely a perceptual error. In most
contexts, the welfare implications of EGB are,
therefore, more clear than those from PB.

Using the parametric model of Levy and
Tasoff (2016), let αi represent individual i’s
accuracy in her exponential perceptions. Given
an interest rate −→r and time horizon T , the
person’s perception function p

(−→r , t; αi

)
is the

perception of the period-T value of one dollar
invested at time t<T:

(3)

p
(−→r , t; αi

)
=

T−1∏
s=t

(
1 + αirs

)
+

T−1∑
s=t

(
1 − αi

)
rs.

When αi = 0, the individual does not com-
pound interest and incorrectly perceives growth
to be linear. When αi = 1, the person correctly
perceives growth to be exponential. Values of αi
∈ (0, 1) generate perceptions that are between
linear and exponential growth. Values >1 reflect
over-estimation of the returns to compounding.

When maximizing utility over the lifecycle
given a vector of income ŷ, the person must
choose a vector of consumption ĉ that maximizes
Equation (2) subject to expected future behavior
and the true budget constraint written in terms of
the period-T value of money,

(4)
T∑

s=0

ĉs •p
(−→r , s; 1

)
≤

T∑
s=0

ys •p
(−→r , s; 1

)
.

Since the person misperceives exponential
growth, she perceives the budget constraint as:

(5)
T∑

s=0

ĉs •p
(−→r , s; αi

)
≤

T∑
s=0

ys •p
(−→r , s; αi

)
.

The individual is subject to the true budget
constraint in Equation (4), and thus she will revise

her consumption plans in subsequent periods.2

Equation (5) reveals two errors. On the left-hand
side of the inequality, the person misperceives
the intertemporal prices of consumption. This is
the price effect of EGB, and it can be further
decomposed into a perceived income effect and
a perceived substitution effect. On the right-hand
side, the person misperceives the value of her
asset. This is the wealth effect of EGB.3

The theory takes αi as an exogenous prim-
itive. A broader interpretation considers αi as
the output of a production process that inputs
numeracy, the ability to use tools, available
tools, effort, attention, and intrinsic ability. This
broader interpretation allows αi to vary for the
same person based on education, the availability
of tools, and incentives, and is a helpful way to
think about the distributional results in Section
III.A which presents the joint distribution of αi
with other observables.

Compound-interest perceptions are one com-
ponent of overall financial literacy. We model
EGB formally as affecting decisions in a spe-
cific way, enabling precise point estimates and
comparative-static predictions on behavior.4 The
EGB model can be easily incorporated into many
dynamic environments or married with other
models of preferences and perceptions. One can
estimate a person’s parameter αi and predict their
behavior out of sample in completely different
contexts. Thus, even though compound-interest
perception may be considered a component of
broader financial literacy, EGB leads to specific
theoretical predictions that informal or alternative
formal conceptualizations of financial literacy do
not. Further, the standard measure of financial lit-
eracy, the share of a battery of common questions
answered correctly, ignores information about the
direction and magnitude of how responses devi-
ate from accurate response. In contrast, our EGB
and PB measures embody information about
the direction and magnitude of how an individ-
ual’s responses depart from neo-classical predic-
tions. Interpreted through theory, the direction
and magnitude of the deviations yield specific,
testable predictions about outcomes.

2. It is plausible to assume that creditors are also aware
of the true budget constraint, and will not lend an amount the
agent can never repay. This implies an additional constraint
that (4) must hold just for c0: c0 •p

(
r⃗01

)
≤
∑T

s=0 ys •p
(
r⃗s1

)
.

The predictions are not qualitatively affected by including this
credit constraint.

3. Endogenizing labor supply decisions would add a fur-
ther substitution effect to lifetime earnings.

4. Lusardi, Michaud, and Mitchell (2011) model financial
literacy differently, as increasing investment returns.
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B. Lifecycle Consumption Example

To illustrate the effects of the two biases, we
consider the simplest possible lifecycle model
which allows them to affect behavior. We con-
sider a finite model with separable consumption
utility, and because EGB requires compounding
in order to have any effect, we set the number
of periods to 3. This is also the smallest num-
ber of periods in which hyperbolic discounting
may be distinguished from exponential discount-
ing. The agent receives income in periods 1 and 2
equal to y1 and y2 and faces strictly positive
interest rates r1 and r2, respectively. Denote the
agent’s beliefs about the period-3 value of a dol-
lar received in period t by p(t;α), as defined in
Equation (3). We suppress the interest rate in p
for simplicity, as it does not vary in this example.

For the purposes of this exercise, we also
assume log utility in each period. This is of course
not without loss, although the qualitative results
extend to general utility functions (Laibson 1997;
Levy and Tasoff 2016). This assumption greatly
reduces the complexity of the problem, however,
as both PB and EGB produce both income and
substitution effects, and setting the intertemporal
rate of substitution to one (as log utility does)
results in many of these terms exactly balancing
each other.

With these simplifying assumptions in place,
we can solve the model by applying perception-
perfection (O’Donoghue and Rabin 2001) as a
solution concept. In this setting, this means that
the agent in period 1 simply forms beliefs about
what action will be taken by his period-2 self
in all histories, and then best responds to these
beliefs. Allowing for the agent to be partially
naive with beliefs β̂ over his future short-run
discounting, the agent believes that his period-
2 self will choose consumption according to the
Euler equation:

(6) c̃3 = p (2; α) β̂δc̃2.

We note that p(2;α)= (1+ r2) is correct for
all values of α only because of our three-period
assumption. Thus the only reason that the agent
is incorrect about his period-2 consumption is due
to naivete about his PB. In a more general setting,
EGB will lead to an additional prediction error.
In either case, the agent’s perceived problem in
period 1 then becomes:

max
c1 ,̃c2 ,̃c3

u
(
c1

)
+ βδu

(
c̃2

)
+ βδ2u

(
c̃3

)

s.t.p (1, α) c1 + p (2, α) c2

+ c3 ≤ p (1, α) y1 + p (2, α) y2

c̃3 = p (2; α) β̂δc̃2.(7)

Note that the first constraint reflects the
agent’s EGB and the second the agent’s PB. The
agent will attempt to solve problem (7) subject to
the perceived constraints. In addition, consump-
tion is also subject to the actual constraints, which
are p(1, 1)c1 + p(2, 1)c2 + c3 ≤ p(1, 1)y1 + p(2,
1)y2 and c̃3 = p (2; 1) β̂δc̃2. For the purpose of
this example, we will assume that the actual
constraints are not binding.5 Under log utility,
solving Equation (7) yields an optimal initial
level of consumption c∗1 equal to:

(8) c∗1 =
y1 + y2

[
p (2; α) ∕p(1; α)

]
1 + βδ + βδ2

.

Three things are worth pointing out about
Equation (8). First, both PB and EGB lead the
agent to overconsume and thus undersave rela-
tive to an unbiased agent. The effect of PB is
clear in the denominator, given that β≤ 1. The
effect of EGB is also clear, given that the under-
estimation of compounding means that p(1;α) is
strictly increasing in α (i.e., decreasing in the
degree of bias). Second, although the agent’s
beliefs depend on his degree of naivete regard-
ing PB, in this example his behavior depends
only on his actual discounting. Third, the two
biases operate through distinct channels. EGB
means that the agent mis-perceives the price of
consumption in period 1 or, equivalently, over-
estimates his lifetime wealth (in terms of con-
sumption possibilities). The effect of PB is on
the allocation of consumption for a given level of
lifetime wealth. Thus while the two biases push
the agent in the same direction, we would not
expect strong complementarities between the two
biases in this environment.

We can also solve for the agent’s level of
retirement savings at retirement, that is, c3.
Although it is not as nice an expression as
Equation (8), it still clearly shows the effect of
the two biases:

c3 =
(
1 + r2

)( βδ
1 + βδ

)
(9)

×
((

1 + r1

) [
y1 − c∗1

]
+ y2

)
.

5. An additional assumption is needed if actual con-
straints are binding. For example, one such simple assumption
would be that the agent consumes according to Equation (7)
until they run out of funds at which point all subsequent con-
sumption equals zero.
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Because there is no further compounding once
period 2 is reached, the effect of EGB in Equation
(9) comes only through the suboptimally high
choice of c1. In a more general setting with a
larger number of periods, the additional contri-
bution of EGB would instead gradually diminish
as the amount of unresolved compounding grad-
ually decreased. PB, in contrast, leads to over-
consumption in period 1 and then again in period
2, even conditional on the lower level of accumu-
lated assets.

III. STUDY DESIGN AND DATA

Data collection took place online and com-
prised two surveys that were administered sev-
eral weeks apart. The two-wave design allowed
us to separate measurement of the two biases.6 A
complete list of content covered in each survey
is provided in Appendix S1.A, Supporting Infor-
mation, Table A1.

We administered our survey to two distinct
samples, individuals in (1) the RAND American
Life Panel (ALP) and (2) the University of South-
ern California’s Understanding America Study
(UAS).7 To achieve national representativeness,
the ALP and UAS each use population-sampling
techniques to invite subjects to join the panel and
provide a laptop or tablet as well as Internet ser-
vices to individuals invited to join who do not
have such access.8

We collected our data in multiple cohorts
between August 2014 and June 2015.9 Overall,
we invited 4,700 individuals to participate; 2,601
completed Survey 1, and 2,393 completed Sur-
vey 2 (response rate of 51% based on Survey
2). Among the respondents, we restrict our main
analysis sample to the 2,315 individuals with
usable responses for our variables of interest.
Appendix S1.B Table B1 shows key demographic
and economic variables obtained for nonrespon-
dents and our estimation sample. Respondents

6. This mitigates concerns that the survey instrument
induces a relationship between the EGB and PB, which is
known as single-source bias.

7. We extended the sample beyond the ALP because we
were able to secure additional funding that was conditional on
use of the UAS sample.

8. In both samples, subjects are regularly invited to take
online surveys and are typically paid a fixed amount based
on the length of the survey (approximately $20 per 30-minute
survey).

9. This was done for budgeting purposes due to uncer-
tainty on response rates and performance of subjects on real-
stakes questions. See Appendix S1.A, Table A2 for informa-
tion on the timing and response rate of each cohort.

were on average older than nonrespondents,
but not richer after controlling for age. In all
analysis, we use the survey weights provided
by ALP and UAS to make the analysis sample
nationally representative on demographics.10

A. Survey Measures of Biases

Exponential-Growth Bias. We use five real-
stakes questions about the value of different
assets that involve compound interest calcula-
tions to construct a simple measure of α, the
EGB parameter defined in Section II. The full
text of the questions can be found in Appendix
S1.A. Our participants earned payments based
on the accuracy of their responses to these five
questions. Most respondents could earn up to $3
per question, for a maximum of $15.11

We use the method in Levy and Tasoff (2016)
to construct our measure of EGB from the five
questions. Let subject i’s responses on question j
∈{1, ..., 5} be denoted by yij. Let −→a (α) ∶ ℝ →

ℝ∣𝒥 ∣
+ be a function that generates the answers

consistent with a given level of α on the five
questions. Thus −→a (1) is a vector containing the
five correct answers. Our measure of subject-i’s
degree of EGB is the value of αi which minimizes
the mean squared error of the model against their
actual answers, with each question normalized by
the correct answer:

(10) Alpha = arg min
α

1
5

5∑
j=1

(yij − aj (α)
aj (1)

)2

.

10. To pool information across two independent samples
with different sets of weights from the same population, we
follow Westat (2006).

11. Participants earned $3 if their response was within
10% of the correct answer, $2 within 25%, and $1 within
50%. In our sample, 67 subjects were randomly assigned to
a high-stakes group where the earnings were multiplied by
5 and provided up to $15 for each question answered, for a
maximum total of $75. However, random assignment to the
high-stakes condition did not significantly affect mean Alpha
(p value = .16), suggesting that exponential perceptions do
not respond to incentive changes of this magnitude. Provid-
ing financial stakes aims to induce individuals to rely on the
resources they would typically use to make economic deci-
sions. Had we designed the experiment restricting people’s
naturalistic tendency to use available resources, we may have
distorted our measure of EGB. Subjects were neither encour-
aged nor prohibited from getting help or using tools. The
instructions stated, “You may use whatever approaches you
would like to answer these questions.” This way we identify
subjects’ perceptions of exponential growth in the same unre-
stricted environment in which most people make important
financial decisions. Allowing for subjects to use tools or assis-
tance is important for the measure to reflect behavior in other
financial contexts more accurately. Indeed, among our sam-
ple, 56% report using pencil and paper, 38% a calculator, 6%
a spreadsheet, and 31% got other help.
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While not the focus of this paper, we also con-
struct a simple measure of an individual’s self-
awareness of EGB, which measures the degree of
overconfidence in one’s perceptions of exponen-
tial growth. The variable’s definition can be found
in Appendix S1.A.12

Present Bias. We adapt the “time-staircase”
procedure from Falk et al. (2016) to construct
a simple measure of PB as well as the long-run
discount factor as defined in Section II. The
staircases have the form:

Present-Future Staircase: Would you
rather receive $100 today or $[X] in 12 months?

Future-Future Staircase: Would you rather
receive $120 in 12 months or $[Y] in 24 months?

Subjects begin with a common value of [X] or
[Y]. If a subject indicates they prefer the money
sooner (later), then the second dollar amount
increases (decreases) on the next question.13 For
each staircase, subjects answer five questions,
gradually narrowing the interval that contains the
indifference point. Since the questions are binary
and have parallel structure, they are easily under-
stood and can be answered quickly. We random-
ize the order of the staircases and utilize different
base values for the different sets of questions (i.e.,
the Present-Future Staircase always begins with
$100 today and the Future-Future Staircase with
$120 in 12 months) to minimize the influence
of mechanical (i.e., repeating) responses. While
this staircase method did not involve real stakes,
Falk et al. (2016) show that behavior between
a no-stakes and real-stakes version is highly
correlated.14

From these staircases we construct measures,
beta and delta, because each staircase identi-
fies an indifference point within a fairly small

12. Each subject saw a simple, example question to famil-
iarize them with these questions’ structure prior to the five
questions used for measuring EGB. Exposure to an example
may improve the performance of the most-biased individu-
als, making them appear less biased, but not affect response
among the least biased. If so, this compresses the measured
distribution of EGB. The ordinal ranking of subjects would
tend to be preserved but the coefficient on Alpha would be
attenuated to zero.

13. In our survey instrument, the future value X was
always greater than 100 and Y was always greater than 120.

14. The authors find a correlation between the staircase
measures and incentivized experimental measures of 0.524.
This correlation is close to the test–retest correlation of 0.664
for the incentivized experiment.

TABLE 1
Survey Measures

Mean SD Min Max

Alpha 0.547 0.493 0.000 3.000
Beta 1.022 0.214 0.468 2.135
Delta 0.695 0.170 0.461 0.985
Financial literacy 2.273 0.795 0.000 3.000
IQ measure 2.206 1.515 0.000 5.000
Observations 2,315

interval.15 From the Future-Future Staircase,
Delta= 120/Ycutoff. We impute the cutoff as the
midpoint of the interval.16 From the Present-
Future Staircase Betai = 100/(DeltaiXcutoff).

We consider this survey-based monetary elic-
itation without stakes to be a simple approach
for measuring PB. Recently real-effort tasks have
been used to measure time preference (Augen-
blick, Niederle, and Sprenger 2015); however,
these elicitations are costly and difficult to imple-
ment and there is no existing evidence that these
measures correlate with other economic behav-
iors. In contrast, there is evidence suggesting
that the monetary elicitations do.17 We conducted
a real-effort time-preference elicitation as well
but used the monetary elicitation in our main
analysis given some likely confounds to our
effort elicitation. See Appendix S1.A for a brief
description.

As with EGB, we also construct a mea-
sure of self-awareness of PB, which we refer
to as sophistication. See Appendix S1.A for
a description.

Summary Statistics for Bias Measures. Table 1
displays summary statistics for the two biases
and other key measures of interest. A value
of Alpha= 1 indicates accurate perception of
exponential growth, while Alpha= 0 indicates
a misperception that growth is linear. The mean

15. We cannot identify the indifference point for those
who select the upper bound of the time staircase. In this case,
we use the upper bound value plus the difference between
that value and the second-to-last value to determine the indif-
ference point. We include a dummy variable for those with
these imputed values in the analysis. Beta is imputed for
15.9% of our sample, while Delta is imputed for 10.7% of
our sample.

16. Inputting the midpoint bounds the magnitude of the
error to be quite small. The magnitude of the error on δ, for
example, is bounded to be below about 0.015.

17. Augenblick, Niederle, and Sprenger (2015) find that
real-effort and monetary elicitations do not correlate with
each other.
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FIGURE 1
Joint Distribution of PB and EGB
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of Alpha in our sample is 0.55, with a standard
deviation of 0.49.18

The average value of Beta is 1.02, which cor-
responds to approximately time-consistent pref-
erences on average; however, there is substantial
variation (SD of 0.21). The average value of our
annual Delta is 0.70; again, there is substantial
variation (SD of 0.17).19

Figure 1 displays the joint distribution of
EGB and PB, the first such estimates in the
literature. To facilitate description, we categorize
individuals into four EGB types: Linear, Below
Exponential, Accurate, and Above Exponential.
The types partition the range of Alpha, based
on the incentive ranges used in our elicitation
task. Accurate types, who account for 20% of
the sample, are those who earned full incentive
payments on the α-elicitation questions, and have
values of Alpha in [0.9523, 1.045). Linear types
severely underestimate exponential growth. They
have values of Alpha in [0, 0.01), which would
earn them $0 in the α-elicitation. Thirty-two
percent of the sample falls in this category.
Below Exponential types have values of Alpha
between Linear and Accurate, and earn interme-
diate payments. They underestimate exponential
growth to an intermediate degree and make up
39% of the sample. Above Exponential types

18. The distribution of Alpha is quite similar to the only
other representative sample measure found in Levy and Tasoff
(2016) who find a mean of 0.53 and a median of 0.60 (Levy
and Tasoff 2017).

19. By way of comparison, Bradford et al. (2017) calcu-
late an average monthly value of Delta as 0.893 and an aver-
age value of Beta as 1.02 using a slightly different elicitation
procedure. While the point values may be implausible, the rel-
ative values within the distribution may be good predictors.

overestimate exponential growth with values of
Alpha ≥1.045 and comprise 9% of the sample.
Theory suggests that people in this group might
also make suboptimal savings decisions but in
the opposite direction from those who under-
estimate exponential growth. We also divide
individuals into either present biased (Beta <1)
or not present biased (Beta≥1). Fifty-seven per-
cent of our sample falls into the present-biased
category.

The correlation between Alpha and Beta
is −0.04 (p value= .07), suggesting that
these biases are independent (Appendix S1.B,
Table B2).

B. Other Drivers of Retirement Assets

Financial Literacy and Cognitive Ability
Measures. Recent research has devoted much
attention to measuring and describing the rela-
tionship between financial literacy, numeracy,
and financial decisions (e.g., Banks, O’Dea,
and Oldfield 2010; Lusardi and Mitchell 2014;
van Rooij, Lusardi, and Alessie 2012). There has
also been research that has linked IQ to stock
market participation (Grinblatt, Keloharju, and
Linnainmaa 2011). It is important to determine
the extent to which PB and EGB differ from
cognitive skill, financial literacy, education,
and other standard demographic determinants
of retirement assets. If, for instance, EGB is
perfectly correlated with cognitive skill, we
risk simply relabeling the relationship between
cognitive skill and retirement savings.

For financial literacy, we use the three-item
battery of financial literacy questions developed
by Lusardi and Mitchell (2011) and widely used
since then (Lusardi and Mitchell 2014). Because
this three-item financial literacy assessment does
not include a question that isolates understanding
of compound interest, it is useful to determine to
what extent Alpha is related to this highly used
metric as well as whether EGB uniquely predicts
financial decisions over and above this measure
of general financial literacy. We include the three-
item battery on our survey. However, because
participants appear to learn the correct answers
with repeated exposures to these same questions,
we use each participant’s first response to this set
of questions when available (i.e., fielded earlier
by other researchers) to maximize the measure’s
explanatory power. The average number correct
on the three-item financial literacy battery is 2.27
out of 3 (SD of 0.80; Table 1); 47% answered
all three questions correctly, a rate higher than
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TABLE 2
Summary Statistics for Household Balance Sheet and Financial Behaviors

Mean SD Min Max

Balance sheet
Retirement savings 97,185 228,563 0.000 1,700,000
Has any retirement savings 0.654 0.476 0.000 1.000
Nonretirement savings 39,849 133,118 0 1,100,000
Outstanding mortgage 53,528 92,815 0 460,000
Other secured debt 16,392 36,083 500 250,000
Unsecured debt 12,459 27,064 500 250,000
Net worth 252,566 863,318 −245,500 9,639,000
Declared bankruptcy (last 5 years) 0.053 0.225 0.000 1.000

Planning
Thought about planning 3.071 0.515 1.000 4.000
Confident about planning 2.985 0.670 1.000 5.000

Employer retirement plan
Enrolled in employer plan 0.741 0.303 0.000 1.000
Annual contribution 3,582 4,433 0 100,000

Asset composition
Inv ret savings in equity 0.779 0.336 0.000 1.000
Housing % of assets 0.698 0.214 0.000 1.000
Short-term loan (last 5 years) 0.080 0.271 0.000 1.000

Notes: Retirement savings, nonretirement savings, outstanding mortgages winsorized for top 1%. Net worth winsorized for top
0.5%. Other secured debt and unsecured debt represent midpoints from categorical responses. Thought about planning scored
on 4-point Likert scale (1 =Not at all, 4 =A great deal); confident about planning on 5-point scale (1 =Strongly disagree,
5 =Strongly agree).

the 34% found by Lusardi and Mitchell (2014).
We standardize the measure to a z-score in
the analysis.

Similarly, we evaluate whether our bias
measures of interest are different from general
cognitive ability using a measure based on a
subset of items from the public-domain assess-
ment tool, the International Cognitive Ability
Resource (ICAR) (Condon and Revelle 2014).20

The original ICAR test includes a total of 60
items grouped into four dimensions: verbal
reasoning, letter and number series, matrix rea-
soning, and three-dimensional rotation. From the
validated 16-item subset of ICAR, we selected
five questions to measure cognitive reasoning
that represent the four dimensions and that also
vary in the percent of respondents who answered
correctly in past research (ranging from 17%
to 73% correct). The average number correct
on the cognitive-ability test was 2.21 out of 5
(SD of 1.52; Table 1); only 7% answered all
five questions correctly. Like financial literacy,
we standardize the measure to a z-score in
the analysis.

20. This tool is designed to increase the measurement
of cognitive ability by being a free and flexible tool for
researchers. Privately owned tools, such as the Raven’s Stan-
dard Progression Matrix (RSPM) test, are cost-prohibitive and
cumbersome to incorporate into large-scale data collection.

Household Financial and Background
Information. Our main asset accumulation
measure of interest is retirement savings.21

We also collect data on several other financial
outcomes for the household, including nonretire-
ment savings, housing (equity and mortgages),
asset allocation (retirement and nonretirement
assets), debts (secured and unsecured), net worth,
payday loan utilization, bankruptcy filings, and
current access to employer-provided retirement
plans (offering, enrollment, and contributions).

Table 2 reports the summary statistics for
these financial outcomes.22 Average retirement
savings is $97,185 with a standard deviation
of $228,563; 65% of the sample has positive
retirement savings. The mean and median retire-
ment savings in our sample conditional on
having any retirement savings are $148,626
and $40,000, respectively. These moments
vary some from recent data from the Survey
of Consumer Finances, which reports 49% of
Americans having any retirement savings in
2013, with a conditional mean and median of

21. Individuals were asked to think about savings in per-
sonal retirement accounts from all sources, including IRAs,
Keogh accounts, and 401(k)s, 403(b)s, etc.

22. We winsorize retirement savings, nonretirement sav-
ings, and outstanding mortgage for the top 1%, and net worth
for the bottom and top 0.5%.
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TABLE 3
Demographic Controls

Mean SD Min Max

Age 46.8 16.8 18.0 96.0
Female 0.526 0.500 0.000 1.000
Family income 60,569 54,760 0 200,000
Education

HS or less 0.420 0.494 0.000 1.000
Some college 0.199 0.399 0.000 1.000
Associated degree 0.089 0.285 0.000 1.000
BA/BS degree 0.177 0.382 0.000 1.000
Post BA/BS 0.115 0.320 0.000 1.000

Marital status
Married/partnered 0.624 0.485 0.000 1.000
Separated 0.019 0.137 0.000 1.000
Divorced 0.107 0.309 0.000 1.000
Widowed 0.040 0.196 0.000 1.000
Never married 0.211 0.408 0.000 1.000
Missing 0.000 0.000 0.000 0.000
Add’l household members 1.284 1.156 0.000 3.000
Number of children 0.908 1.245 0.000 9.000
Hispanic/Latino 0.173 0.378 0.000 1.000

Race
White/Caucasian 0.774 0.418 0.000 1.000
Black/African American 0.121 0.326 0.000 1.000
American Indian 0.013 0.112 0.000 1.000
Asian 0.027 0.163 0.000 1.000
Other 0.065 0.246 0.000 1.000
Missing 0.000 0.010 0.000 1.000

Risk aversion
Category 1 0.320 0.466 0.000 1.000
Category 2 0.164 0.370 0.000 1.000
Category 3 0.181 0.385 0.000 1.000
Category 4 0.081 0.272 0.000 1.000
Category 5 0.045 0.207 0.000 1.000
Category 6 0.208 0.406 0.000 1.000

Missing 0.003 0.059 0.000 1.000
Observations 2,315

Notes: Family income shown winsorized for top 5%. Higher risk aversion categories represent decreasing risk aversion.

$201,300 and $59,000 (Bricker et al. 2014).
Average nonretirement savings is much lower
with a mean of $39,849 and standard deviation of
$133,118. For measures of debt, the largest debt
holding is mortgage debt, followed by secured
and unsecured debt.

Because variation in these financial outcomes
may be due to variation in household attributes
other than time preferences, EGB, financial
literacy, and cognitive ability, we use a rich set
of controls in the analysis. Table 3 reports the
summary statistics for many of these measures.
The ALP and UAS panels include a rich set of
background information on each respondent,
including gender, age, marital status, number of
household members, state of residence, ethnicity,
work status, highest education, and occupa-
tion category. The average age is 46.8 years,
62% of the sample is married, and 52% of the

sample is female. Among the control variables
we collect on our survey is a measure of risk
aversion.23 We conduct a real-stakes elicitation
of risk preferences using individuals’ choice over
lotteries.24

We will consider the effect of our measures
both on the level of retirement savings as well
as its natural logarithm. Theory does not provide
an ex ante reason to prefer one specification over
the other, with the former assuming an additive
effect and the latter assuming a multiplicative

23. We also collect information through our survey on
expected age for claiming retirement benefits and whether the
respondent is the financial decision-maker in the household,
which we use in Appendix S1.C, Tables C4 and C8.

24. Individuals could earn payments based on whether a
coin flip ends in heads or tails. They choose from six options,
from equal payments for heads or tails (Category 1) up to $15
for heads and $0 for tails (Category 6). The proportion of the
sample in each risk category is included in Table 3.
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effect. A multiplicative effect could arise, for
instance, with a time-separable homothetic
utility function such as the one presented in
Section II, but the reality of people’s choices is
likely more complicated. We therefore take an
agnostic position and present both approaches,
with the linear specification in the main text
and the log specification in the main text in
places and otherwise in Appendix S1 for space.
Doing so not only serves as a robustness check,
but will also allow us to consider the extent
to which any effects are driven by high savers
(the effects on whom will be compressed by
the concave log transformation) or by relatively
low savers (whose importance, conversely, will
be magnified).

Predictors of EGB and PB Measures. Before
proceeding, it is worth understanding how mea-
sures of EGB and PB are associated with other
individual characteristics. To explore this, we
regress Alpha and Beta on conventional demo-
graphic characteristics captured by our control
variables as well as the financial literacy and IQ
measures. Results are reported in Appendix
S1.B, Table B3. We find a positive relationship
between the IQ measure and Alpha, while Alpha
and financial literacy are not related. We also find
that Alpha is positively related to educational
attainment and is lower for females relative
to males. As for PB, there is some evidence
of differences in Beta by racial and ethnic group.
Adjusted R2 of 0.081 and 0.127 for Alpha and
Beta, respectively, provide evidence that stan-
dard factors explain only a small share of their
variation.25

C. Identification

We aim to test for the existence of and mea-
sure the magnitude of a relationship between
retirement assets (Y) and both EGB and PB (α,
β). Because retirement savings, a stock variable,
accumulates over the lifecycle and is subject to
exponential growth, it is unlikely to be linear in
α and β. A retirement-savings regression, to be
properly specified, needs to have an interaction
term between years of accumulation and α and β
(e.g., at 0 years of accumulation the effect of α
and β is 0 but at 30 years it could be quite large).
To flexibly allow for these heterogeneous effects

25. For comparison, we also present the correlation of
other predictors with Delta, BetaxDelta, our measures of
overconfidence and sophistication, and financial literacy in
this sample.

across the lifecycle, we interact each bias mea-
sure with age. This yields the model:

(11) Y = π1T + π2T × (age − 65) + π3X + ε

where T includes α and β as well as potentially
confounding factors that may be correlated with
both Y and (α, β): discount factor (δ), financial lit-
eracy, and cognitive skill. To guard further against
omitted-variable bias, we condition on the rich
set of demographic and economic variables dis-
cussed in Section III.B along with an intercept,
all denoted X. The coefficients on the factors
in T are, therefore, interpreted as the effect on
the relationship with retirement assets at age 65,
near retirement. Our main specification models
the level of retirement savings Y . Results from an
alternative specification, using a natural log out-
come, are also presented.

Under the assumption that unobserved influ-
ences are mean independent of predictors (E[ε|T ,
T * (age− 65), X]=E[ε], the model is identified
and can be estimated by OLS. Stango, Yoong, and
Zinman (2017) (Table 8) show that in a regres-
sion of financial condition on behavioral factors,
the coefficients on EGB and PB are invariant
to the omission of numerous controls. This evi-
dence supports the identifying assumption. To
make the estimates nationally representative, we
use weighted least squares (WLS).

IV. RESULTS

A. Retirement Assets

In Table 4, Column (1), we include a set
of controls that are plausibly exogenous to the
bias measures: indicator variables for age in
10-year bins, a linear term in age, gender, marital
status, size of household, number of children,
racial group, Hispanic ethnicity, risk-aversion
categories, state of residence, and indicators
of imputed and missing values. The dependent
variable in this column is an individual’s level
of retirement assets, and thus the coefficient on
Alpha, $77,224, can be interpreted as an estimate
of how much more retirement savings at age 65
those with accurate perceptions of exponential
growth (Alpha= 1) have over those who misper-
ceive exponential growth as linear (Alpha= 0).
The results imply that a one standard deviation
difference in Alpha (0.493) is associated with a
$38,100 difference in retirement savings at age
65. To facilitate interpretation, we report mean
retirement savings overall ($97,185) as well as
only for individuals aged 60–69 ($187,202) in
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TABLE 4
Relationship between Bias Measures and Retirement Assets

DV: Winsorized Retirement Assets DV: log(Retirement Assets + $10,000)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Alpha 77,224∗∗∗ 47,568∗∗∗ 40,448∗∗ 51,513∗∗∗ .353∗∗∗ .163∗∗ .112 .172∗∗

(17,351) (15,985) (16,283) (17,961) (.0991) (.083) (.0843) (.0754)
Beta 148,301∗∗∗ 86,886∗∗∗ 89,523∗∗∗ 103,999∗∗∗ 1.17∗∗∗ .675∗∗∗ .692∗∗∗ .697∗∗∗

(38,934) (33,399) (33,049) (36,200) (.242) (.222) (.215) (.186)
Delta 322,092∗∗∗ 139,808∗∗∗ 99,971∗ 133,060∗∗ 174,517∗∗∗ 2.04∗∗∗ .913∗∗∗ .588∗∗ .87∗∗∗ .913∗∗∗

(58,753) (53,079) (51,153) (53,450) (57,298) (.36) (.302) (.282) (.305) (.253)
IQ measure (Std.) 15,571∗∗ 11,256 12,728 .0857∗ .0787∗ .08∗

(7,629) (7,754) (8,076) (.0448) (.045) (.0422)
Fin Lit (Std.) 18,176∗∗ 17,663∗∗ 17,571∗∗ .153∗∗∗ .151∗∗∗ .14∗∗∗

(8,280) (8,220) (8,155) (.0508) (.0503) (.043)
Alpha × (Age - 65) 1,995∗∗∗ 1,505∗∗∗ 1,233∗∗ 1,829∗∗∗ .00735∗∗ .00412 .0024 .00636∗∗

(554) (509) (512) (643) (.00355) (.00294) (.00295) (.00295)
Beta × (Age - 65) 3,554∗∗∗ 2,543∗∗ 2,534∗∗ 3,499∗∗ .0279∗∗∗ .0217∗∗∗ .0219∗∗∗ .0219∗∗∗

(1,099) (1,111) (1,107) (1,426) (.00781) (.00762) (.00748) (.00741)
Delta × (Age - 65) 7,774∗∗∗ 4,069∗∗∗ 2,735∗∗ 3,778∗∗ 4,445∗∗ .03∗∗ .0136 .00127 .012 .013

(1,779) (1,493) (1,332) (1,473) (1,918) (.013) (.00967) (.00836) (.00956) (.00906)
IQ × (Age - 65) 483∗ 329 317 .0022 .00192 .00148

(247) (252) (289) (.00162) (.00164) (.00163)
Finlit × (Age - 65) 701∗∗∗ 690∗∗∗ 795∗∗∗ .00492∗∗∗ .00488∗∗∗ .0052∗∗∗

(257) (256) (275) (.00164) (.00164) (.00158)
Demographic controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Additional controls No Yes Yes Yes Yes No Yes Yes Yes Yes
Mean of DV 97,185 97,185 97,185 97,185 132,821 10.4 10.4 10.4 10.4 10.6
Mean of DV for ages 60–69 187,202 187,202 187,202 187,202 220,405 11 11 11 11 11.1
Adjusted R2 0.180 0.382 0.380 0.384 0.375 0.314 0.544 0.544 0.548 0.530
N 2,315 2,315 2,315 2,315 2,315 2,315 2,315 2,315 2,315 2,315

Notes: All specifications interact Alpha, Beta, Delta, IQ, and Fin Lit with age (represented linearly and centered at 65). Coefficients on the
noninteracted measure represent the relationship between the measure and retirement assets at age 65. Demographic controls include indicator
variables for female, marital status, number of household members, number of children, race, ethnicity, state of residence, risk aversion category,
age, and 10-year age groups. Additional controls include indicator variables for highest level of education, 17 income categories, and 10-year age
groups × income category interactions. Models reported in Columns (1)–(4) and (6)–(9) are estimated using WLS. Columns (5) and (10) report
unweighted results using OLS.

∗Significant at the 10% level.
∗∗Significant at the 5% level.
∗∗∗Significant at the 1% level.

the table below the coefficients. The $148,301
estimated coefficient on Beta implies that a one
standard deviation difference in Beta (0.214) is
associated with a $29,600 difference in retire-
ment savings at age 65. For comparison, the
long-run discount measure, Delta, has a coeffi-
cient of $322,092 and implies that a one standard
deviation increase (0.170) is associated with a
$54,800 difference in retirement savings at age
65. All coefficients are statistically significant at
levels p< .01. Moreover, the interaction terms
for the two bias measures as well as the long-run
discount measure with age are significantly
positive, which indicates that the effects increase
with age.26

These estimated relationships are all in the
directions that straightforward theories of EGB
and time preferences, such as the one outlined
in Section II, predict. On average, the income

26. We report results without age interactions which give
the average effect across the age distribution in Appendix
S1.C, Table C1.

and wealth effects of EGB (low Alpha) appear to
dominate any substitution effect in determining
retirement saving decisions, so that more biased
people save less. We also confirm that the direct
effect of PB tends to dominate any incentive
effects on future selves, and thus greater bias (low
Beta) is associated with lower savings. A higher
discount factor (Delta) sensibly is associated with
more savings. All of these associations manifest
more strongly with age, proxying for the length
of time people have to earn, save, and have retire-
ment savings compound.

Column (2) reports the results after adding
additional control variables that strongly deter-
mine the level of retirement savings and which
we expect, in part, are driven by the biases or the
long-run discount factor: education level, retire-
ment status, indicators for household income in
17 bins, and all age-income interactions. Unsur-
prisingly, the adjusted R2 rises considerably when
we add these controls, from 0.180 to 0.382.
The coefficients on Alpha and Beta decrease but
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remain both statistically and economically sig-
nificant. The estimated $47,568 coefficient on
Alpha implies that the difference between those
with accurate perceptions of exponential growth
and those with linear perceptions is about 26% of
retirement assets for individuals at age 65. One
standard deviation differences in Alpha and Beta
are associated with differences of 13% ($23,000)
and 10% ($19,000) of retirement savings at age
65, respectively. For comparison, a one standard
deviation difference in Delta is associated with a
difference of 13% ($24,000) at age 65.

In Column (3), we include our financial liter-
acy and IQ measures (standardized), and exclude
Alpha and Beta. This specification includes
only factors standard in the prior literature.27

The estimated coefficient on financial literacy is
$18,176 and represents the average difference in
retirement assets at age 65 for those with a one
standard deviation difference in financial literacy.
Similarly, the coefficient on our standardized IQ
measure, $15,571, is statistically significant and
indicates that a one standard deviation increase
in this IQ measure is associated with 9% higher
retirement savings at age 65.

Specification (4) produces the paper’s main
result by including Alpha and Beta along with
Delta, the standardized financial literacy and IQ
measures, and linear age interactions for these
five main regressors as well as the full set of
controls. The estimated coefficients on Alpha
and Beta change little from the specification in
Column (2) which excludes financial literacy and
IQ. The coefficients imply that a one standard
deviation difference in Alpha and Beta are asso-
ciated with $20,000 (11%) and $19,000 (10%)
differences in retirement savings at age 65,
respectively. These coefficients are statistically
significant at the 1% level for Beta and 5% level
for Alpha.

To get a sense of the plausibility of these mag-
nitudes, consider how large assets-at-retirement
effects are in terms of implicit effects on saving
behavior. An additional $1 invested each month
starting at age 25 and continuing for 40 years,
assuming a 5% rate of return and no withdrawals,
yields about $1,500 in assets at age 65. There-
fore, accumulating an extra $20,000, similar to
the coefficients on Alpha and Beta, implies about
an extra $13 per month in retirement savings.

In comparison, the coefficient on Delta, which
is significant at the 5% level, implies that a one

27. Although our Beta*Delta, without dividing out Beta
to obtain Delta separately, would be more comparable to the
prior literature’s measure of the discount factor.

standard deviation difference is associated with
a $22,000 (12%) difference in retirement assets
at age 65. The coefficient on the financial lit-
eracy measure remains essentially unchanged
from Column (3) and is statistically significant
at the 5% level, evidence that EGB and finan-
cial literacy have distinct relationships with
retirement-asset accumulation. The IQ measure
is not statistically significant in this specification.
In Column (5) of Table 4 we report the results
using OLS instead of WLS for comparison.
Without using weights, the estimates on Alpha
and Beta are slightly larger and both statistically
significant at the 1% level.

Columns (6)–(10) report estimates only
changing the dependent variable from retirement
asset levels to a log function of retirement asset
levels.28 The results are generally consistent with
the findings in Columns (1)–(5). All the coef-
ficients remain positive and highly significant
across Columns (6)–(10), with the exception
that the coefficient on Alpha loses significance in
Column (9) but regains significance in Column
(10) (the unweighted sample). The coefficients
generally imply slightly smaller effects than
the levels regression. The log outcome specifi-
cation diminishes the variation observed from
higher levels of the outcome. Taken together,
a significant coefficient on Alpha in the levels
specification and nonsignificant coefficient in the
log specification suggests that the relationship
between EGB and savings may be driven by those
with the highest levels of saving, controlling for
age, income, and other drivers.

Figure 2 displays estimates with retirement-
asset levels as the dependent variable interact-
ing each of the five key predictors with a cubic
function of age centered at 65. For Alpha, Beta,
and Delta, effects are not significant at young
ages, before retirement assets have had time to
accumulate, but become significant by age 65.
All five factors display an upward-sloping trajec-
tory. None of the factors are significant for 30-
to 40-year-olds, but we estimate very large and
highly significant effects for people over 50. In
sum, direct measures of PB and EGB have inde-
pendent power to empirically explain accumu-
lation of retirement assets by age after account-
ing for the asset accumulation by age associated
with measures of long-run discount factor, gen-
eral cognitive skill, and financial literacy as well

28. Specifically, we take the natural logarithm of retire-
ment assets plus $10,000 to accommodate those with zero
assets.
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FIGURE 2
Heterogeneous Effects of Alpha, Beta, Delta, Financial Literacy, and IQ Measures on Retirement

Assets by Age
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as a rich set of controls. These results are robust to
allowing for more flexible relationships between
age and effects.29

We also consider the relationship between
self-awareness about one’s biases and retirement
savings. As reported in Appendix S1.C, Table
C3, we regress retirement savings on the bias
measures, overconfidence in exponential estima-
tion and an indicator variable for sophistication
regarding PB. We find no evidence of a statis-
tically significant relationship between the mea-
sures of self-awareness and retirement savings.

B. Additional Sources of Heterogeneity in the
Relationship between Bias Measures and
Retirement Savings

Our main specification assumes that
the effects of Alpha and Beta on retirement
assets vary by age, but are homogenous
with respect to other factors after controlling

29. Moreover, there is substantial variation in the optimal
level of savings early in the lifecycle. For example, Skinner
(2007) calculates that some households with higher savings
rates should in fact have a debt-to-income ratio of 0.5 at age
40 given their subsequent behavior. This may help explain
the surprisingly negative, albeit small, estimates for Financial
Literacy early in the lifecycle. Given the limited power we
have among younger households, however, we leave this for
future work.

for demographics and economic covariates.
The effects of these bias measures may vary
as a function of observable characteristics
other than age. We report in Appendix S1.C,
Table C4 the baseline regression among split
samples of the population. We examine het-
erogeneity by income, whether the respondent
is the financial head, marital status, age (over
or under 65), gender, education, among those
offered employer retirement plans, and among
those enrolled in employer retirement plans
by splitting the sample along these dimensions.
We also report the p values of tests for equal-
ity across subsamples of the coefficients for
Alpha and Beta, as well as the joint signifi-
cance of Alpha, Beta, Delta, financial literacy,
and IQ.

We find evidence that the relationship between
Alpha and retirement assets differs by income
and by educational attainment. The relationship
is stronger among those with higher income and
for those with higher educational attainment.
For Beta, there is evidence that the relationship
with retirement assets differs by marital status
and gender such that the relationship is stronger
for married individuals relative to unmarried
ones and for males relative to females. When
we consider the five measures jointly, results
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TABLE 5
Relationship between Bias Measures and Household Balance Sheet

(1) (2) (3) (4) (5) (6)
Nonretirement Savings Mortgage Sec Debt Unsec Debt Net Worth Bankruptcy

Alpha −1,235 3,437 1,019 1,249 3,584 −.00547
(10,657) (5,725) (2,600) (1,423) (75,830) (.0144)

Beta 64,412∗∗∗ −24,761∗ −1,892 3,465 436,745∗∗∗ −.0174
(24,218) (13,099) (5,156) (4,501) (150,142) (.0453)

Delta 79,371∗∗ −12,191 −2,649 7,830 857,042∗∗ −.0529
(37,113) (19,135) (7,807) (5,448) (393,205) (.054)

IQ Measure (Std.) 10,569∗ −1,686 −1,641 −4,229∗∗∗ −7,044 −.0143
(5,984) (3,322) (1,546) (1,392) (64,357) (.0101)

Fin Lit (Std.) 4,083 3,861 3,227∗∗ 271 9,918 .00222
(5,834) (3,482) (1,566) (1,112) (43,201) (.0123)

Controls Yes Yes Yes Yes Yes Yes

Mean of DV 39,849 53,528 16,392 12,459 252,565 .0533
Mean of DV for ages 60–69 80,453 52,419 17,013 8,134 523,403 .0794
Adjusted R2 0.235 0.280 0.078 0.137 0.245 0.058
N 2,315 2,315 2,315 2,315 2,315 2,315

Notes: Dependent variable is as indicated in table. All asset outcomes are winsorized. Models are estimated using WLS.
All specifications interact Alpha, Beta, Delta, IQ, and Fin Lit with age (represented linearly and centered at 65). Coefficients
on the noninteracted parameter represent the relationship between the parameter and retirement assets at age 65. Secured and
unsecured debt represent midpoint of categorical response. Payday loan and bankruptcy outcomes equal one if respondent used
payday loan or declared bankruptcy in last 5 years. Controls include indicator variables for female, marital status, number of
household members, number of children, race, ethnicity, state of residence, risk aversion category, 10-year age groups, highest
level of education, 17 income categories, age, and 10-year age groups × income category interactions.

∗Significant at the 10% level.
∗∗Significant at the 5% level.
∗∗∗Significant at the 1% level.

indicate statistically significant differences in the
relationship with retirement assets by educational
attainment and accumulation versus decumula-
tion stage.30

C. Other Financial Outcomes and Behaviors

In this section, we report the results of esti-
mating our main specification on other financial
outcomes, including other items on the house-
hold balance sheet and behaviors that could
shed light on the potential channels through
which EGB and PB may influence retirement-
asset accumulation.

We first look beyond retirement savings to
study the relationship between the bias measures
and other household assets and liabilities. We
regress nonretirement savings, outstanding mort-
gage, measures of secured and unsecured debt,
and net worth as well as bankruptcy experience
on Alpha, Beta, Delta, financial literacy, and IQ
along with linear age interactions and our other
baseline controls (i.e., the baseline specification

30. We use over or under age 65 as a proxy for the
accumulation and decumulation stage.

in Column (4) in Table 4) and report the results
in Table 5.

For nonretirement assets, we find a signif-
icant relationship for measures of PB and the
long-run discount factor in predicting nonre-
tirement savings, but we do not find evidence
that our measure of EGB is a significant pre-
dictor. This is consistent with theory, as EGB
is less important for shorter savings horizons
and assets held in nonretirement accounts tend
to be for more immediate needs. The IQ mea-
sure has a marginally significant relationship with
nonretirement assets, while the financial literacy
measure does not have a statistically significant
relationship.

Columns (2)–(4) report results for liabilities.
We find that those who have a higher Beta (i.e.,
are less present-biased) have less mortgage debt
at age 65 (p< .10). We do not find evidence of a
significant relationship between mortgage levels
and the long-run discount factor, EGB, financial
literacy, or IQ measures. Those with a one stan-
dard deviation higher measure of financial liter-
acy report more secured debt at age 65 (p< .05)
and those with higher IQ report less unsecured
debt (p< .01), but we do not find significant
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relationships between these outcomes and the
bias measures.31

Net worth is the sum of retirement savings,
non-retirement saving and housing equity, less
secured and unsecured debt. The results for this
outcome are reported in Column (5). The PB
and long-run discount factor measures each have
a strong and statistically significant relationship
with net worth at age 65, but Alpha does not, as it
only significantly predicts one component of net
worth (retirement assets). A standard deviation
increase in Beta is associated with an increase in
net worth by $93,000 and a standard deviation
increase in Delta is associated with an increase
in net worth by $146,000. The estimated coeffi-
cients on the IQ and financial literacy measures
are each small and statistically insignificant.

Second, we turn to behaviors that may serve
as possible channels through which EGB and PB
may influence retirement-asset accumulation.
For instance, differences in retirement savings
for present-biased versus time-consistent indi-
viduals could be the result of lack of adequate
retirement planning, which has been shown to
influence retirement assets (Ameriks, Caplin,
and Leahy 2003), or delayed enrollment in
retirement-savings plans. Differences in retire-
ment savings between those with accurate and
biased perceptions of exponential growth could
be due to lower levels of contributions or differ-
ences in asset allocation decisions. For example,
Gaudecker (2015) finds that those with below-
median financial literacy lose an expected 50
basis points on average.

Table 6 reports results using indicators of dif-
ferent behaviors as the outcome variable, includ-
ing indicators of retirement planning, participa-
tion in and contributions to employer-sponsored
retirement accounts, asset allocation and payday
loan use, using our baseline specification that
includes the bias measures as well as measures
of the long-run discount factor, IQ, and finan-
cial literacy.

Across these behaviors, we find that Beta is
associated with higher regular contributions to
one’s retirement fund as well as associated with
a lower total share of assets invested in housing.
Given that housing is an illiquid asset, this is

31. Because our measures of secured and unsecured debt
represent the midpoints of categorical responses, we have
considerably less power to detect associations. However, the
relationships we report are robust to representing these mea-
sures with categorical variables using ordered probit/logit
regressions or using the intervals to perform interval regres-
sions.

consistent with the prediction of Laibson (1997)
that present-biased individuals will have lower
liquidity.32 This failure to invest in relatively
liquid asset classes, such as stocks instead of
housing, could lead to lower returns and lower
total retirement savings.

We find that Alpha does not predict the retire-
ment planning outcomes or asset allocation, but
is a significant predictor of payday loan usage.
Compared to the unbiased type, the fully biased
type has a 2.5 percentage point higher probabil-
ity of using a payday loan within the past 5 years,
or an increase of 32% on the base rate of 8%
(p< .10). This supports existing theoretical argu-
ments and empirical evidence that agents with
EGB may underestimate interest rates on short-
term loans (Stango and Zinman 2009). However,
we find that less present-biased individuals are
somewhat more likely to use payday loans, which
is counter to theory and surprising.

As for the other main regressors, Delta is asso-
ciated with higher regular contribution amounts
and a higher probability of having some invest-
ment in equity.33 The measures of financial liter-
acy are associated with retirement planning, reg-
ular contribution amount, and investment in equi-
ties. We find no evidence that the measure of IQ is
a significant predictor of the behaviors examined
in Table 6.

V. ROBUSTNESS OF FINDINGS

In this section, we assess the robustness of our
findings in several ways. First, we evaluate
alternative specifications, including alternatives
for the dependent, independent, and control
variables. Second, we address bias in our esti-
mates stemming from measurement error in our
measures of PB and EGB using more extensive
elicitations of cognitive ability and financial
literacy. We also address the possibility that
retirement-asset levels were measured with error
in our survey.

A. Alternative Specifications

We examine the robustness of our main spec-
ification in the following ways. First, we use

32. This occurs because sophisticated present-biased
individuals will use low liquidity as a commitment device and
naive ones will exhaust any liquid assets through lack of self-
control.

33. This association with equity replicates the main result
of van Rooij, Lusardi, and Alessie (2011).
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TABLE 6
Relationship between Bias Measures and Financial Behaviors

(1) (2) (3) (4) (5) (6)
Ret Plan Enrolled Cont Amt Inv in Equity Housing Share Payday Loan

Alpha 0.136 −0.0307 −37.7 0.0407 −0.0316 −0.0253∗

(0.128) (0.0507) (649) (0.0303) (0.0201) (0.0131)
Beta 0.266 0.0382 4,122∗∗ −0.00511 −0.15∗∗∗ 0.0941∗

(0.416) (0.106) (1,883) (0.0922) (0.0498) (0.0524)
Delta −0.35 0.12 11,225∗∗∗ 0.249∗∗ −0.0817 −0.0335

(0.424) (0.156) (3,040) (0.103) (0.0676) (0.0491)
IQ measure (Std.) 0.0726 −0.0176 200 0.0106 −0.00123 −0.00259

(0.071) (0.0257) (387) (0.0173) (0.0106) (0.0089)
Fin Lit (Std.) 0.205∗∗ 0.018 960∗ 0.0507∗∗ −0.019 −0.00405

(0.0859) (0.033) (548) (0.0224) (0.0136) (0.0121)
Controls Yes Yes Yes Yes Yes Yes

Mean of DV 3.07 0.741 3,582 0.779 0.698 0.0797
Mean of DV for ages 60–69 3.33 0.744 4,843 0.833 0.628 0.0542
Adjusted R2 .370 .174 .211 .306 .372 .143
N 693 1,144 1,142 1,608 1,542 2,315

Notes: Dependent variable is as indicated in column heading. See text for more details. Models are estimated using WLS.
All specifications interact Alpha, Beta, Delta, IQ, and Fin Lit with age (represented linearly and centered at 65). Coefficients
on the noninteracted parameter represent the relationship between the parameter and retirement assets at age 65. Controls
include indicator variables for female, marital status, number of household members, number of children, race, ethnicity, state of
residence, risk aversion category, 10-year age groups, highest level of education, 17 income categories, and 10-year age groups
× income category interactions.

∗Significant at the 10% level.
∗∗Significant at the 5% level.
∗∗∗Significant at the 1% level.

alternative definitions of the dependent vari-
able to address concerns that the findings are
driven by irregularities in the data, such as the
limited number of individuals with substantial
retirement assets paired with the sizable fraction
of individuals with no retirement savings. We
report the results in Appendix S1.C. Our main
findings are robust to different levels of win-
sorizing and taking into account the censored
nature of the dependent variable (Table C6).
Using a logged version of outcomes, rather
than predicting outcome levels, produces very
similar results. Appendix S1.C, Figure C1 is
analogous to Figure 2. Appendix S1.C, Table
C2 presents estimates based on a log outcome
specification, rather than levels, for outcomes in
Columns (1)–(4) of Table 5, which are positive
and continuous.

Second, we consider alternative specifications
of our behavioral parameters, including inter-
actions between the parameters, higher order
terms, and alternative coding of future-biased
individuals (i.e., Beta >1); results are reported in
Appendix S1.C, Table C7. Overall, these results
point to a robust relationship between the param-
eters of interest and retirement assets at age 65.

Third, we consider more extensive control
variables to help mitigate the possibility that

the estimated relationships are driven by omit-
ted variables. We use other survey items we
collected as well as draw upon prior surveys
administered to the panel by other researchers
to explore the robustness of our results to addi-
tional control variables in Appendix S1.C, Table
C8. In Columns (1)–(4), we add additional con-
trols for occupation, employer-provided retire-
ment plan characteristics (match, nonmatching
contributions), and expected retirement age. The
coefficients on our main parameters are not mean-
ingfully affected by the inclusion of these addi-
tional variables and remain strongly significant.
A particular concern is that our simple measure
of Beta as well as Delta are constructed from a
time-preference elicitation that uses preferences
over the timing of receipt of money, and so may
be confounded by liquidity constraints. In Col-
umn (5) we add several controls for liquidity
constraints (secured and unsecured debt, home
ownership, and housing equity) that were col-
lected in our survey and find no significant effect
on the coefficients of our main parameters. We
were additionally able to match roughly half of
our subjects to FICO scores and subjective health
measures asked previously in the online panel,
and include these along with the other variables in
Columns (6) and (7). Once again the coefficients
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are largely unaffected, but the standard errors
increase given the sharply reduced sample. It
thus appears unlikely that liquidity constraints,
variation in health, or job characteristics drive
our results.

B. Reverse Causality

We explore the possibility that reverse causal-
ity drives the observed associations of EGB
and time preferences with retirement wealth. This
is of particular concern for EGB in that indi-
viduals with greater access to savings opportu-
nities face a greater incentive to improve their
understanding of exponential growth. This idea is
embedded in the financial literacy literature more
broadly (Lusardi, Michaud, and Mitchell 2013;
van Rooij, Lusardi, and Alessie 2012). While we
cannot rule out the possibility that reverse causal-
ity explains part of the relationship, we provide
suggestive evidence against a theory that the rela-
tionship is fully driven by reverse causality.

If opportunities for savings lead to better
understanding of exponential growth, then we
would expect to observe a strong association
between Alpha and income; high-income indi-
viduals tend to have more opportunities to save
relative to low-income individuals. However, we
do not find such evidence. Figure 3 shows the
predicted effects of each of 17 income categories
on Alpha in a regression that includes our other
baseline controls and shows a flat relationship
between Alpha and these income categories.
Moreover, replacing the income categories with
a continuous income measure results in a small
and statistically insignificant association between
income and Alpha (p= .12). Finally, when we
stratify our sample by income in Appendix
S1.C, Table C4 to focus only on those with
higher-incomes and control for income and other
variables, Alpha continues to have a significant
association with retirement wealth.

Most economic research takes preferences
such as β and δ as exogenous primitives. How-
ever, if retirement wealth influences long- or
short-run discount factors, we would expect to
see a positive relationship between Beta and
Delta with income based on the same logic
as discussed above. However, Appendix S1.B,
Figures B1 and B2 show a flat relationship
between income and Beta and Delta. More-
over, the measured correlations between Beta
and Delta and income are close to zero: 0.016
(p= .44) for Beta and 0.023 (p= .27) for Delta.
Overall, evidence against a relationship between
income and our parameters of interest suggests

FIGURE 3
Relationship between Income and Alpha
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that the relationships we estimate between our
measures of EGB, time preferences, and retire-
ment savings are unlikely to be meaningfully
driven by reverse causality.

C. Correcting for Measurement Error

Our analysis thus far has assumed that all vari-
ables are measured without error. This has been
the conventional approach in economics when
analyzing the effects of individuals’ characteris-
tics on financial outcomes.34 Below we consider
measurement error in our bias measures as well
as in our measure of retirement assets, our main
dependent variable.

Bias Measures. Our study uses simple measures
of the PB and EGB parameters defined in Section
II. Existing studies that measure parameter
stability find less than perfect test–retest correla-
tions, which could be explained by measurement
error.35

Violations of the perfect-measurement
assumption may lead to bias in our WLS

34. See for example Ameriks, Caplin, and Leahy (2003)
for the propensity to plan, Stango and Zinman (2009) and
Levy and Tasoff (2016) for EGB, Meier and Sprenger (2010)
for time preferences, and Banks, O’Dea, and Oldfield (2010)
for numeracy and cognitive ability. A notable exception is
Bradford et al. (2017) who explicitly attempt to deal with
measurement error using multiple proxies for time preference.
Also Lusardi and Mitchell (2007) and van Rooij, Lusardi,
and Alessie (2012) use economic education to instrument for
financial literacy. While the IV strategy was not explicitly
used in the papers to address measurement error in financial
literacy, in principle, it could.

35. Test–retest correlations of time preferences exhibit
considerable variation, ranging from 0.004 to 0.75 depending
on methodology, sample, and duration between test and retest
(see Chuang and Schechter 2015, for a review). The only prior



1654 ECONOMIC INQUIRY

estimates. Classical measurement error in a
single predictor produces attenuation of that
variable’s coefficient and bias for other corre-
lated predictors—even those not measured with
error. If both the noisy and perfectly measured
variables have positive effects, coefficients on
positively correlated factors could inflate. A
positive correlation between EGB and cognitive
skill is a particular concern, given possible mea-
surement error. If only Alpha is noisy, then the
WLS estimate underestimates the true associa-
tion of EGB with retirement assets, making our
estimate conservative. A different and more seri-
ous concern would arise if cognitive skill were
measured with more noise than EGB. When
multiple predictors are measured with error,
biases are more complex but well-understood
(Carroll, Ruppert, and Stefanski 1995). The
magnitude of the coefficient on Alpha could be
biased upward while the coefficient on IQ could
be biased toward zero.

For a subsample of subjects (N = 1,287), we
can make use of a less noisy IQ measure. While
our own IQ test consists of five items (the same
number of items used to measure α), this subsam-
ple of the ALP previously took a 45-item IQ test,
consisting of 15 items in each of three domains
(Numeric, Picture Vocabulary, and Verbal Anal-
ogy), as part of a prior study.36 We reproduce our
original specification in Column (1) of Table 7
for the overlapping sample and the results sub-
stituting in the alternative, less-noisy IQ measure
in Column (2). If the coefficients on IQ were
to rise and the EGB coefficients were to fall,
this would suggest that measurement error is a
significant concern for our main results. Instead,
we find substantially similar results, providing
no evidence that a more extensive measure
of cognitive skill lowers the estimated effect
of EGB.

We repeat this approach using an alterna-
tive measure of financial literacy: a standardized
score on a broader five-item financial literacy

paper that we are aware of that has computed test–retest cor-
relations specifically for Beta and Delta is Meier and Sprenger
(2015) and they find a test–retest correlation in a sample of
low-income Americans of 0.36 and 0.246 for Beta and Delta,
respectively. We find comparable test–retest correlations of
0.40 for Delta and 0.45 for Beta × Delta in our sample. We are
the first to measure test–retest correlations for Alpha with a
correlation of 0.21.

36. We standardize scores on each domain within the
sample, average each individual’s three domain z-scores, and
standardize this average. This alternative IQ measure has a
higher Cronbach’s α reliability measure than our measure,
consistent with it containing less noise.

measure from other surveys in the online panel.37

Column (3) of Table 7 shows the estimates from
our main specification, which uses the three-item
measure, on the subsample for which we have
the five-item financial literacy measure (n= 706).
The coefficient estimates are similar to our main
findings, but the reduction in sample size ren-
ders them imprecise. More importantly, when
we replace the three-item measure with the five-
item measure (go from Column (3) to Column
(4)), the estimated coefficients on Alpha, Beta,
and Delta are essentially unchanged.38 Analo-
gous estimates but using the log outcome specifi-
cation are in Appendix S1.C, Table C10. Results
are qualitatively similar but Alpha is less statisti-
cally significant and Delta is more.

Retirement Assets. It is also possible that there
is nonclassical measurement error which could
affect our identification. In particular, if our mea-
sures of bias are correlated with measurement
error in retirement assets, then we would have a
biased estimate of the relationship. For example,
it is conceivable that subjects reporting higher
asset levels would then be “primed” to per-
form better on our elicitation tasks. However,
there are several reasons why nonclassical mea-
surement error is unlikely to be explaining our
results. First, our study design segregates EGB
and time preference elicitations into different sur-
veys, reducing the possibility that one set of ques-
tions contaminates responses to another. Second,
we repeat the analysis using alternative measures
of retirement assets in surveys collected previ-
ously by other researchers. In particular, we use a
separate retirement-asset measure collected for a
subsample of our subjects in the ALP Finan-
cial Crisis Surveys between 2014 and 2015. We
report this alternative regression in Appendix
S1.C, Table C9. While our estimation sample is
halved and our statistical power reduces consid-
erably, the coefficients on Alpha and Beta remain
similar in magnitude.

Taken together, the main findings and robust-
ness results provide needed evidence on how
these biases relate to retirement savings. EGB and
PB both become economically and statistically
significant predictors of retirement assets as indi-
viduals approach retirement. Further, both predict

37. This broader measure includes questions on mort-
gages and the relationship between interest rates and bond
prices.

38. Summary statistics of the variables used in this
section are reported in Appendix S1.B, Table B4.
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TABLE 7
Robustness to Alternative Definitions of Financial Literacy and IQ

(1) (2) (3) (4)

Alpha 56,779∗∗ 59,690∗∗∗ 49,503 45,699
(23,227) (22,500) (32,777) (32,027)

Beta 108,338∗∗ 106,109∗∗ 120,832∗ 116,109
(42,835) (42,174) (68,945) (71,344)

Delta 133,804∗ 132,044∗ 48,776 33,688
(75,758) (75,702) (105,068) (105,838)

IQ measure (Std.) 9,315 19,753 16,797
(11,728) (16,522) (17,388)

Fin Lit (Std.) 28,479∗∗ 28,646∗∗∗ 17,975
(11,251) (10,832) (13,755)

Alt. IQ measure (Std.) 8,277
(12,313)

5Q Fin Lit (Std.) 32,942∗

(19,727)
Controls Yes Yes Yes Yes

Mean of DV 107,915 107,915 105,883 105,883
Mean of DV for ages 60–69 203,370 203,370 151,890 151,890
Adjusted R2 .419 .419 .437 .440
N 1,287 1,287 706 706

Notes: Dependent variable is winsorized retirement assets. Models are estimated using WLS. All specifications interact Alpha,
Beta, Delta, IQ, and Fin Lit with age (represented linearly and centered at 65). Coefficients on the noninteracted parameter
represent the relationship between the parameter and retirement assets at age 65. Sample in Columns (1) and (2) is restricted
to those with alternative IQ measure available. Sample in Columns (3) and (4) is restricted to those with five-question financial
literacy score available. Controls include indicator variables for female, marital status, number of household members, number of
children, race, ethnicity, state of residence, risk aversion category, age, 10-year age groups, highest level of education, 17 income
categories, and 10-year age groups × income category interactions.

∗Significant at the 10% level.
∗∗Significant at the 5% level.
∗∗∗Significant at the 1% level.

the amount of retirement assets but not whether
an individual has any retirement savings. Differ-
ences also emerge across these biases in that PB
has both a level and proportional effect on retire-
ment savings, while EGB has only a level effect.
EGB is most important among individuals with
higher savings amounts. Analysis into heteroge-
neous effects further supports this interpretation
in that EGB is only a significant predictor of
retirement assets among those with above median
income, while PB is a predictor for those with
both below and above median income.

VI. CONCLUSION

The analysis in this paper reveals a
robust association between retirement savings
and survey-based measures of two biases thought
to be particularly relevant for this financial out-
come. We find that measures of PB and EGB
have independent, significant, and economically
meaningful relationships with retirement savings
after controlling for a rich set of observable
characteristics, including measures of cognitive

ability and financial literacy. Both EGB and PB
are important predictors of retirement assets
with their importance increasing over the life-
cycle such that they explain economically
meaningful differences in retirement assets
at age 65. They seem to operate on the intensive
margin, as neither is a significant predictor of the
likelihood of having any savings at retirement.

To the extent that they differ, EGB is most
predictive of retirement savings among those sub-
stantial savings and those with higher income
relative to lower income, while PB has a pro-
portional effect on retirement savings across sav-
ings levels and its predictive power does not vary
based on an individual’s income. Because poten-
tial solutions for mitigating these biases are dis-
tinct, these findings suggest that efforts to address
EGB are likely to have the greatest impact among
individuals with greater capacity to save, in terms
of higher income or more generous employer-
provided plans. Alternatively, efforts to reduce
the influence of PB are likely to be effective at
increasing savings across individuals regardless
of saving capacity.
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Evidence from other aspects of the household
balance sheet and financial behavior point to
possible mechanisms through which these biases
may relate to retirement savings. In particu-
lar, our findings indicate less PB is associated
with higher regular contribution amounts to
retirement plans, greater net worth, and a lower
fraction of assets in illiquid vehicles, while
greater understanding of exponential growth is
associated with lower use of payday loans. To
give a sense of the economic magnitude of the
estimated relationships and to assess the overall
implications for retirement savings, we make a
back-of-the-envelope prediction that retirement
savings would increase by 12% if EGB and PB
were entirely counteracted and under the assump-
tion that both are causally related to retirement
savings.

Our study estimates the association of EGB
and PB measures with retirement savings, yet we
use several approaches to assess the robustness
of this finding. We consider alternative specifi-
cations and extensive sets of control variables as
well as measures of retirement assets acquired
from different surveys. We also address concerns
that our findings are driven by measurement error
in the elicitation of time preferences and EGB
as well as the possibility that measurement error
in cognitive ability and financial literacy inflates
the estimated relationships on our parameters of
interest. Namely, we use less noisy measures of
cognitive ability and financial literacy as well as
an instrumental-variables approach. While each
approach has its limitations, the evidence taken as
a whole suggests that our main finding is robust
to classical measurement error.

This paper has several implications. First, it
provides evidence for the importance of finan-
cial literacy in determining high-stakes economic
outcomes. We show that EGB, a well-defined
component of financial literacy, is predictive of
decisions most sensitive to compound interest
calculations: those with a long time horizon (i.e.,
retirement savings) and those with frequent com-
pounding (i.e., payday loan use). Alternatively,
broader financial literacy, as captured by stan-
dard survey measures, is positively related to
retirement savings as well as to the amount of
secured debt, retirement planning and investment
in equities.

Second, we clarify theoretical predictions sur-
rounding EGB and PB. Namely, our empirical
findings suggest that, on average, the income and
wealth effects of EGB dominate the substitution
effect in determining retirement saving decisions.

We also find that PB is associated with lower
savings. We find empirical support for impatient
individuals investing a greater fraction of their
assets in illiquid vehicles, specifically housing
equity, as a vehicle for saving.

Our study provides evidence that EGB and
PB are distinct—their levels are not correlated
within individual—and unlikely to stem from the
same underlying factor. While this has impor-
tant implications for theory, it also is potentially
important for policy and suggests that a single
policy tool is unlikely to address all misalloca-
tions these biases may cause. Defaults and other
alternatives have successfully increased average
contributions in many contexts, and retirement-
income projections may move people toward bet-
ter decisions when implemented well. However,
there is no evidence that these fully counteract the
effects of EGB and PB on retirement-saving deci-
sions and broader consideration of the current
retirement system may be warranted. More evi-
dence regarding the ability of interventions to tar-
get biases related to retirement-saving decisions
is needed and remains an important direction for
future research.
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