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ABSTRACT

We test the buffer stock model of savings behavior using a three-period intertemporal model. In one treatment, liquidity in the
second period is constrained (borrowing not possible), while the unconstrained treatment has no such constraint. The buffer stock
model predicts that a second-period liquidity constraint increases first-period savings. We also vary the variance of stochastic
income (high or low) in a 2 x 2 design. While we find no evidence for the predicted liquidity constraint effect, most other

predictions hold, for example, income variance effects. Observed departures can be explained by some combination of debt

aversion, cognitive heterogeneity, and/or learning.
JEL Classification: C91, D15, D81, D91, E21

1 | Introduction

A workhorse model in theoretical and empirical analyses of
consumption is the buffer stock model of precautionary savings
(Deaton 1991; Besley 1995; Carroll 1997). This model posits that
individuals facing income uncertainty target a certain amount of
cash-on-hand (i.e., wealth plus disposable income) to permanent
income and use savings as a buffer to smooth out income
fluctuations.! When individuals are below their target for cash-
on-hand, they save (consume less), and they borrow (consume
more) when above it. In a world without borrowing constraints,
where credit markets are perfect, the only explanation for such
buffer stock savings is that individuals have “precautionary”
motives in the face of idiosyncratic fluctuations in their income.
Such precautionary motives arise naturally if individuals have
certain preferences (e.g., constant relative risk aversion [CRRA])
where the marginal utility of consumption is convex so that

individuals are “prudent” (Kimball 1990). However, buffer stock
savings motives do not require prudent preferences. If credit
markets are imperfect, so that individuals face liquidity (or
borrowing) constraints, buffer stock savings behavior can also
arise, even if individuals do not have prudent preferences. As
determining the functional form that best characterizes individ-
ual preferences is difficult, the liquidity constraint explanation
for buffer stock savings seems more generalizable for testing
purposes. Our main contribution in this paper is to directly
examine this liquidity constraint rationale for buffer stock savings
behavior and thus provide a clear and direct empirical evaluation
of the buffer stock model of precautionary savings.

Liquidity constraints are thought to be important for various
macroeconomic policy questions such as the effectiveness of
monetary policy and the magnitude of the fiscal multiplier. Yet
the role played by liquidity constraints on savings behavior is
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difficult to evaluate in the field. We generally do not observe
the precise constraints that individuals face, or the shocks to
their income. For these reasons, we test the role of liquidity
constraints for buffer stock savings in a controlled laboratory
setting, using experiments with paid student subjects.> While
several experiments have been conducted testing the lifecy-
cle/permanent income theory of savings (see Hey and Dardanoni
1988, Ballinger et al. 2003, Brown et al. 2009, and Ballinger
et al. 2011 for prominent previous studies, and Duffy 2016 for a
survey), we are the first to test whether the presence or absence
of future anticipated liquidity constraints, specifically a no-
borrowing constraint, affects savings behavior when individuals
also face an uncertain income.

The empirical relevance of liquidity constraints is well estab-
lished. Jappelli (1990, 220) estimates that 19% of US households
are liquidity-constrained and discusses the characteristics of
these households. Gross and Souleles (2002, 153) estimate the
share of potentially liquidity-constrained households in the
United States to be over 66%. Using data from credit card
accounts, they show that an increase in credit card borrowing
limits generates an immediate rise in debt and is strongest for
people close to their credit limit prior to the increase. Liquidity
constraints are not restricted to those with little or no wealth; Boar
et al. (2022) suggest that 82% of all US homeowners may be con-
sidered liquidity-constrained in the sense that they would benefit
from an increase in their liquid assets and mortgage debt by the
same amount, keeping their real wealth unchanged. Thus, we
view liquidity constraints as a common and empirically relevant
phenomenon, and we ask whether savings behavior responds to a
perfectly anticipated liquidity constraint, as might arise, for exam-
ple, if a person left a job without having another one lined up.

Several empirical and simulation studies evaluate predictions
of the buffer stock savings model. Most consider the buffer
stock model without liquidity constraints, as such constraints are
difficult to observe. On the one hand, some research supports the
predictions of the buffer stock saving model. For instance, Carroll
et al. (1992) find that expectations about future unemployment
rates are closely associated with the level of saving; Carroll
(1997) reports that buffer stock savings explain three empirical
puzzles of the lifecycle/permanent income theory; Love (2006)
presents supportive results from a model that includes both
unemployment benefits and tax-sheltered retirement accounts;
Jappelli and Pistaferri (2025) find that consumers adjust their
target wealth approximately one-to-one with their permanent
income. On the other hand, some research challenges the predic-
tions of the buffer stock savings model. For example, Ludvigson
and Michaelides (2001) find that it cannot (fully) explain excess
smoothness and excess sensitivity of consumption; Jappelli et al.
(2008) test simulated predictions of the model with Italian data
and reject the predictions of buffer stock model; Fulford (2015)
finds that income uncertainty does not affect liquid savings
and that households would rather save to smooth expenditure
shocks. Fewer papers tackle liquidity constraints in the context
of buffer stock savings models, and none do so in a controlled
laboratory setting as we do. Zeldes (1989) compares models with
and without liquidity constraints and concludes that liquidity
constraints affect the consumption of a significant portion of the
population; Haliassos and Michaelides (2003) examine the role
of liquidity constraints in infinitely lived households’ portfolio

decisions between stocks and bonds; Campbell and Hercowitz
(2018) set up a model where households consume both a standard
good and a special good that is not consumed too often (e.g.,
college education or a new home) and report a good performance
of their model.

Our experiment implements a simple, three-period model of
intertemporal consumption and savings choices that is close
to Besley (1995, 2141-2144) and further detailed in Jappelli and
Pistaferri (2017, 115-118). Besley considers the case where individ-
uals face liquidity (or no-borrowing) constraints in the first two
periods of the three-period model; in the final third period, there
is also no borrowing as agents consume all remaining resources.’
In our setting, individuals face a liquidity constraint only in
period 2 as in Jappelli and Pistaferri as this setup allows indi-
viduals to anticipate the possibility, in period 1, that the liquidity
constraint will be binding on their period 2 consumption choice
so that they may rationally adjust their period 1 savings behavior
accordingly. We contrast the period 2 liquidity constraint case
with the case where individuals are unconstrained in their period
2 borrowing. In both cases, the model predicts that individuals
target a critical amount of cash-on-hand, defined by the model
parameters, to determine their savings/borrowing decisions. If
realized income is above this target level, individuals save, while
if realized income is below the target level, they borrow. When a
liquidity constraint is known to be binding in period 2, individuals
should anticipate the impact of that constraint and adjust their
savings and borrowing decisions in period 1. Thus, as our main
contribution, we examine whether liquidity constraints affect
saving and borrowing behavior in the predicted manner. As an
additional contribution, we consider two different values for the
variance of the uncertain income realizations, as theory predicts
that savings are positively associated with the volatility of income.
Specifically, we consider cases where income realizations are
drawn uniformly over a large or small interval so that there
is high or low variance in these income realizations. In the
high variance case, the liquidity constraint is an even more
binding concern than in the low variance case, so this dimension
of the choice problem also has implications for savings and
borrowing behavior. Thus, we have a 2 X 2 experimental design
where the treatment variables are: (1) liquidity constraints or no
liquidity constraints, and (2) the variance of income realizations
is high or low. We test the model’s comparative statics predictions
concerning savings behavior in all four cells. To our knowledge,
this is the first experiment that compares buffer stock savings
behavior in situations with and without liquidity constraints.*

To preview our results, we find mixed support for the predictions
of the buffer stock savings model. In our analysis, subjects
behave in line with most of the comparative statics predictions
of the model. They are more deliberative in the choices they are
making relative to random or heuristic decision rules. However,
we do not find support for the main prediction that a known
liquidity constraint in the second period of our three-period
model increases savings in the first period relative to the model
without this liquidity constraint.

We preregistered three behavioral explanations for this observed
departure. The first and most important explanation is debt
aversion. While the theoretical literature emphasizes the
importance of borrowing constraints for saving decisions, Thaler
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(1990, 202) long ago speculated that “another important source of
liquidity constraints are self-imposed rules used by households
who simply do not like to be in debt.” This explanation for
savings decisions has not received much attention in the buffer
stock savings literature. A contribution of this paper is to
show that debt aversion is an important factor and that it may
greatly attenuate the role played by borrowing constraints in
understanding savings decisions.’

Specifically, we find strong evidence for debt aversion both at
the extensive margin (of whether to borrow or to save given a
particular income realization) and at the intensive margin of
how much to borrow or to save. This debt aversion is found
in the first period of all treatments where there is never any
borrowing constraint and is also found in the second period of
the unconstrained treatments where there is also no borrowing
constraint. We derive the savings predictions for a perfectly
debt-averse individual and test the performance of this model
relative to the constrained and unconstrained buffer stock savings
models. We find that the debt-aversion model yields the best fit
to our experimental data when the income variance is high. We
also examine behavioral reference-dependent savings functions,
and find that in all treatments and periods, the median decision
exhibits partial debt aversion.

Second, we find that cognitive abilities also play a role; subjects
who score better on a cognitive reflection test (CRT) generally
behave closer to theoretical predictions. Finally, there is some
evidence for learning over time; subjects reduce their devia-
tions from theoretical predictions by about 13%-25% throughout
the experiment.

The remainder of the paper is structured as follows: Section 2
introduces the theory, and Section 3 explains the experimental
design and procedures. Section 4 presents the model’s compar-
ative statics, which serve as our testable hypotheses. Section 5
reports on the main experimental findings, and Section 6 puts
forward behavioral explanations for the observed deviations from
the theory. Finally, Section 7 summarizes and concludes.

2 | Theory

In this section, we describe the model that we test in our
experiment. Specifically, we calculate the savings predictions
for the unconstrained and liquidity-constrained models.5 In all
settings, an individual lives for three equidistant periods, ¢ =
1, t =2, and t = 3. We use a three-period model as it is the
simplest framework in which to characterize the role of liquidity
constraints on buffer stock savings behavior.” In all three periods,
the individual receives an uncertain income that is known to be
independently and identically distributed according to a discrete
uniform distribution with support [¥,,in> Ymax] and mean income,
u. At the start of the first and the second periods, the individual
first learns the income realization for that period. Then, they
make a consumption decision for the period, which implies a
certain saving/borrowing decision. Savings/borrowings are then
automatically paid back in the following period without bearing
interest; that is, all loans are one-period. Since there is no
discounting between periods, the risk-free rate of interest is set
to zero.® In the third period, the individual learns her income for

that period and consumes all remaining resources, thus making
no decisions. We assume that the individual evaluates per-period
consumption using the period utility function u(c) =1In(c).
Figure 1 illustrates the timing of the model.

Thus, the individual’s optimization problem in period 1 is given
by

Igz?f u(ey) + B, u(ey) + By ules) (¢))
subject to
c+s =Y, )
C+ S, =5+, 3)
c; =85, +Y;. 4

Given our assumption of log preferences and substituting the
budget constraints (Equations 2-4) into the objective function
(Equation 1), the optimization problem in period 1 can be
rewritten as

mazX In(y; = s)) + By In(y, + 5, = 85) + B,y In(y; +55). - (5)
51,8

First, we apply backward induction and calculate the savings
predictions in period 2. We start by rewriting the individual’s two-
period problem in period 2. As s, in Equation (5) is a function
of previous savings s, and current income y,, we substitute these
two terms by wealth, w, = y, + s,. For the unconstrained model,
where the individual can save and borrow, the problem is given by

max In(w, — s,) + E,_, In(y; + s5), (6)
52

while, for the constrained model, it is

max In(w, = 5,) + E;o, In(ys + 5,). @)
5>

An analytical solution of these two problems requires us to form
the first derivative of the respective problem with respect to
savings s,, and to form rational expectations of the (nonlinear)
derivation of the log term.’® We solve this problem numeri-
cally for s, for both models." Figure 2b shows a schematic
representation of optimal savings in period 2, depending on
wealth w, (for the HIGH treatments; see the next section for the
parameterization and other treatments). Without the constraint,
savings increase (almost linearly and slightly convex) over the
wealth range. With the constraint, savings are defined piecewise:
We observe no borrowing for low wealth values: up to the
point where unconstrained savings become positive, constrained
savings are zero; after this point, constrained savings are identical
to unconstrained savings.

When taking the savings decision in period 1, optimal savings in
period 2 (with or without the constraint) are anticipated. Again,
we solve this problem numerically. Figure 2a shows optimal
savings in period 1, now depending on income y,. Unconstrained
savings increase (almost linearly and slightly convex) over the
income range. Compared to the situation without the constraint,
savings with the constraint are higher but increase less steeply
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t=1 t=2 t=3

The individual The individual

The individual

e receives income y1, e receives income s, e receives income ys,

e saves/borrows si, e saves/borrows ss, e takes no savings decision,
e consumes ¢1 = Y1 — S1, e consumes ¢z = Y2 + S1 — Sz, e consumes c3 = Y3 + Sz,

e receives utility u(cy). e receives utility u(cz). e receives utility u(cs).

FIGURE 1 | Timing in the three-period lifecycle model.

S

savings with the constraint
o I

%ned savings

Yi

(a) Optimal savings in period 1; negative values
indicate borrowing

FIGURE 2 | Schematic representation of optimal savings.

up to the point where both savings predictions become positive.
After that point, both constrained and unconstrained savings
coincide.”? In the next section, we introduce the parameterization
of our experimental treatments and display the unconstrained
and constrained savings predictions for those parameterizations.

3 | Experimental Design and Procedures
3.1 | Experimental Design

Our experiment employs a 2 X 2 design, where we vary both the
existence of a liquidity constraint (as shown in Section 2) and
the variance of the income distribution (by manipulating the
mean-preserving spread). The rationale for the latter treatment
variable is that differences in the income variance affect savings
predictions in periods 1 and 2 differently, as detailed in Section 4.

We label the treatments UNCHIGH (unconstrained savings deci-
sion in a high variance environment), UNCLOW (unconstrained
savings decision in a low variance environment), CONHIGH (con-
strained savings decision in a high variance environment), and
CoNLOW (constrained savings decision in a low variance envi-
ronment). In the HIGH treatments, we sample incomes uniformly
from a discrete uniform distribution over integer values with a
lower bound y,,;, = 35 and an upper bound y,,,, = 105 (with
1 =70 and o = 20.5). In the Low treatments, we sample integer
income levels in the same manner, but where y,,;, = 60 and
Vmax = 80 (so that u = 70 and o = 6.1). The standard deviation
in the HIGH treatments is thus more than three times as high as
in the Low treatments (while keeping the mean constant).”®

Using our parameterization of the model, Figure 3 presents the
two models’ savings predictions for all possible income levels in
period 1 and for all possible wealth levels in period 2 in both

savings with the constraint

Sz

unconstrained savings

Wz

(b) Optimal savings in period 2; negative val-
ues indicate borrowing

the HIGH and Low treatments. In Figure 3a,b, one can see that
optimal savings in the constrained case, s¢°, is always greater
than in the unconstrained case, SFNC, for all period 1income levels
up to y; = 63.5 in HIGH and for all period 1 income levels up
to y; 2 69.7 in Low. Figure 3c,d displays the optimal savings
predictions for period 2. Here, the predictions are defined for
the range of possible wealth levels (defined from zero up to
twice the maximum income level, y,,,,, minus 1; see also the
description of the natural savings and borrowings constraints
in our experiment in the next paragraph). Both figures are
very similar, with a positive difference between the constrained
optimal period 2 savings, s5°¥, and the unconstrained optimal
period 2 savings, sé”"c, for wealth levels below w, = 63.7 in HIGH,
and for wealth levels below w, = 69.5 in Low, and no difference
above it. By comparing the HIGH and Low savings predictions
in Figure 3, the role of income variance becomes clear: with a
higher level of income uncertainty, saving (instead of borrowing)
becomes optimal for smaller income and wealth levels in both
periods. Later, we use the predictions shown here for the different
treatments to analyze the experimental data both at the aggregate
and individual levels.

In all four treatments, we induce the same per-period utility
function u(c) = 0.77 In(c), transforming experimental consump-
tion amounts in each period into money payoffs.* This utility
function requires strictly positive consumption. As all loans are
one-period, we impose natural saving and borrowing constraints
(in addition to the liquidity constraint explicitly spelled out in
the model). The natural saving constraints ensure that current
consumption is strictly nonnegative in every period: s, < y, and
s, < w,. The natural borrowing constraints ensure nonnegative
future consumption in every period: s; > —¥,,;, and s, > =Y -
In the experiment, we further introduce a minimum consump-
tion constraint, ¢; > 1 and ¢, > 1, and maximum consumption
constraints of ¢, <y, + Y, — 1 and ¢, < w, + ¥, — 1. These
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(a) Savings predictions in period 1 in HIGH
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(c) Savings predictions in period 2 in HIGH

FIGURE 3 | The savings predictions in all experimental treatments.

constraints prevent subjects from losing money in any period of
the experiment and do not affect the theoretical predictions in
either the HIGH or LOW treatment parameterization.

3.2 | Experimental Procedures

We combine a within-subject design (where each subject com-
pletes 15, three-period lifecycles of both CON and UNC) with a
between-subject approach (each subject was randomly assigned
to either the HIGH or the LOwW treatment). One-half of subjects
in both the HIGH and the Low treatments first made decisions
in 15 lifecycles of the CON setting, followed by 15 lifecycles of
the UNC setting (the CON-UNC order); the other half of subjects
made decisions the other way around (the UNC-CON order). This
design allows us to control for learning and order effects. At
the end of the experiment, we randomly chose one three-period
lifecycle (or “round,” as we called lifecycles in the instructions)
in the CON treatment and another one in the UNC treatment for
payoff and this fact was known to subjects.

Given our experimental design and model parameterization, we
considered the statistical power of hypothesis tests in choosing
the number of subjects; details are provided in Section A.2 of the
online Appendix). Based on these considerations, we recruited
100 subjects for the HIGH treatment (50 in the CON-UNC order,
50 in the UNC-CON order) and 50 subjects for the LOw treatment
(25 in the CON-UNC order, 25 in the UNC-CON order). Thus, we
report data from a total of 150 subjects with no prior experience
with the environment of the experiment. Our power analysis in
Section A.2 of the online Appendix reveals that these numbers

@ s;=0at y«V
- \

60 70 80
¥

(b) Savings predictions in period 1 in Low

60

40

20
|

Sz

s, =0atw,=69.5

0

-20
L
c
>

-40
.

0 20 40 60 80 100 120 140 160
w,

(d) Savings predictions in period 2 in Low

yield sufficient power for nearly all of our hypotheses, except for
Hypotheses 1a-1b, where we would need a far greater number of
subjects than our budget allows achieving the desired power level
of 80%.

At the start of each session, all subjects were told that the
experiment consisted of three independent parts and that they
would receive instructions for the next part after finishing the
previous part. Part 1 consisted of the first 15 rounds, and Part
2, the second 15 rounds. The experiment was framed in a
savings/consumption context. In all rounds, subjects could enter
their consumption decisions with up to one decimal place. At the
end of each round, subjects were provided feedback about all past
rounds of the relevant part.

Part 3 consisted of two tasks: a risk preference elicitation task
(as more risk-averse individuals should save more, relative to the
predictions) and a Tower of Hanoi (ToH) game (which requires
the ability to think recursively, a skill that is closely related
to backward induction). Both tasks in Part 3 were monetarily
incentivized; we randomly chose one of the two tasks (with equal
probability) for payment, but subjects did not know which of the
two tasks would be chosen. To elicit subjects’ risk preferences,
we used the procedure proposed by Drichoutis and Lusk (2016),
which consists of multiple choices between pairs of lotteries.
Table A.3 in the online Appendix shows the 10 pairs of lotteries
each subject had to choose between. (If the risk elicitation task
was chosen for payoff, then one of the 10 decisions was chosen,
and the subject’s payoff was determined randomly according to
their preferred lottery for that decision.) The ToH game is a
one-player mathematical puzzle (first described by the French
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mathematician Edouard Lucas). Subjects have to move different-
sized disks from the leftmost peg to the rightmost peg according
to some rules and using a minimum number of moves. (If the ToH
task was chosen for payoff, then the more moves a subject needed
to solve the game, the lower the subject’s payoff.) Details on the
ToH game can be found in Section A.6 of the online Appendix.

After the subjects had made all payoff-relevant decisions (but
before feedback about their total dollar earnings was shown),
they filled out a postexperimental questionnaire asking for their
age, gender, field of study, and grade point average (GPA). They
then completed an unincentivized CRT by Toplak et al. (2014).
The CRT score (the total number of correct answers) provides
a measure of subjects’ abilities to override reactive “system 1”
thinking and instead employ more reflective, “system 2” thinking
to solve problems. The CRT we use asks four questions (shown in
Table A.4 in the online Appendix) similar to the three original
CRT questions by Frederick (2005). The four questions we used
are not as widely known as the original three CRT questions, so
we chose to use these four questions instead.

Upon arrival at the laboratory, all subjects were seated at com-
puter workstations with privacy walls. Communication between
subjects was prohibited. The subjects received printed instruc-
tions, including a graph and a table showing monetary payoffs
(utility) for all integer values of the per-period utility function.
These instructions were read aloud, and thereafter, subjects had
to correctly answer a set of control questions to proceed.”® The
experiment was computerized and programmed using oTree
(Chen et al. 2016). Each session lasted about 90 min. After the
experiment, all subjects were paid in cash and in private. We
conducted 12 sessions with a total of 150 subjects in the Economic
Social Science Laboratory (ESSL) at the University of California,
Irvine, between October 2019 and February 2020. The subjects
were undergraduate students from various fields of study. We did
not apply any exclusion criteria to the registered subjects in the
database used to recruit subjects. Every subject took part in one
session only. Subjects earned on average $24.08 (minimum $18.30,
maximum $26.80), plus a show-up fee of $7 (the average for the
savings-consumption task is $9.62 for each of the two randomly
chosen lifecycles; minimum $5.10, maximum $10.50).

4 | Aggregate Predictions and Hypotheses

In this section, we present aggregate predictions for all treatments
and use these to form testable hypotheses. Table 1 displays means
and standard deviations for optimal savings in periods 1 and 2 of
all four treatments. These predictions are based on the savings
predictions, and income and wealth ranges as shown in Figure 3.
As we formed our hypotheses prior to data collection without
knowing how subjects would behave in the experiment, and also,
more specifically, how they would behave in period 1 (which then
influences wealth in period 2), we chose the complete possible
wealth range in period 2 (with wealth ranging from 1 to 2y,,,,. — 1)
for the predictions.'

The first two sets of between-treatment, within-subject hypothe-
ses (Hla-H1b and H2a-H2b) test the consequences of the liquidity
constraint. We expect that the liquidity constraint makes subjects
save more in both periods 1 and 2 of the CON treatment, as

compared with the UNC treatment of the same income variance.
In period 2, subjects should save more because of the liquidity
constraint, while in period 1 the anticipation of the liquidity
constraint should increase their savings. Thus, in period 1, we
are testing the additional prudence arising from the liquidity con-
straint in period 2, in addition to the prudence induced by the log
utility function (which is the same in all treatments and periods).

Hypothesis 1a. In the CONHIGH treatment, s, is higher than in
the UNCHIGH treatment.

Hypothesis 1b. In the CONLOW treatment, s, is higher than in
the UNCLOW treatment.

Hypothesis 2a. In the CONHIGH treatment, s, is higher than in
the UNCHIGH treatment.

Hypothesis 2b. In the CONLOW treatment, s, is higher than in
the UNCLOW treatment.

The next set of hypotheses examines savings behavior within each
treatment:

Hypothesis 3a. In the UNCHIGH treatment, s, is higher than s;.
Hypothesis 3b. In the CONHIGH treatment, s, is higher than s,.
Hypothesis 3c. In the UNCLOW treatment, s, is higher than s,.
Hypothesis 3d. In the CONLow treatment, s, is higher than s,.
Finally, the last four between-treatment between-subject
hypotheses examine how income variance affects savings
behavior: higher-income uncertainty should cause higher

savings.

Hypothesis 4. In the UNCHIGH treatment, s, is higher than in
the UNCLOW treatment.

Hypothesis 5. In the CONHIGH treatment, s, is higher than in
the CONLOW treatment.

Hypothesis 6. In the UNCHIGH treatment, s, is higher than in
the UNCLOW treatment.

Hypothesis 7. In the CONHIGH treatment, s, is higher than in
the CONLOW treatment.

5 | Results
5.1 | Comparative Statics

To give a complete picture of our data for all treatments and
periods, we show our main aggregate-level findings in Table 2,
which maps directly to Table 1. Table 2 reports mean savings (and
standard errors) for the two periods (s;, s,) of all four treatments.

In afirst step, we test the hypotheses formulated in Section 4 using
one-sided ¢-tests to determine whether the difference between
savings in the compared treatments/periods has the predicted
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TABLE 1 | Aggregate predictions and hypotheses.

Hicu Low
Unc Con Unc Con
H4
H5
Hla H1b
—_——— —_——
s7 4.2 5.2 s7 0.4 0.8
(13.2) (12.0 ) (4.0) (3.6)
H3a H3b H3c H3d
EX 20.4 24.7 EX 5.3 12.7
(28.9 ) (23.6 ) (22.7) (14.7 )
— —
H2a H2b
H6
H7

Note: The cells in the middle present mean predictions and their standard deviations (in parentheses). The curly brackets show which variables are compared to

test our hypotheses (marked with H).

TABLE 2 | Aggregate results.

Hich Low
Unc Con Unc Con
H4: vvv/, **
H5: ///, ***
Hla: X, x Hib: X, x
—_— —_—
s1 8.62 6.97 S1 1.42 —0.55
( 1.66) ( 1.76) (1.64) ( 1.51)
H3a: vV, * H3b: VvV, *** H3c: X, x H3d: vvv, ***
so 12.34 19.69 so 4.53 8.99
( 2.61) ( 2.52) ( 2.75) ( 1.91)
— —_—

H2a: /v, ***

H2b: /v, ***

H6: v, x

H7: v/, *

Note: Means with standard errors clustered at the subject level in parentheses. vv'v/, vV, and v mark hypotheses where we reject that the savings difference
between treatments/periods is less than or equal to zero at the 1%, 5%, and 10% level, respectively (based on one-sided t-tests clustered at the subject level). ***, **,
and * show the significance of equivalent sign rank and rank sum tests at the 1%, 5%, and 10% level, respectively (based on the R package clusrank by Jiang et al.
2020). X (x) marks hypotheses where we do not find evidence that the difference is less than or equal to zero based on the t-tests (based on the sign rank and rank

sum tests). p-Values are corrected for multiple hypotheses tests (details in Table 3).

sign (where we adjust the p-values for multiple hypothesis testing
using a Bonferroni correction for three comparisons). Most
importantly, we do not find evidence for the main hypothesis set
Hla-H1b. In both HIGH and Low, observed period 1 savings in
CON is smaller than in UNC. Thus, the anticipation of a liquidity
constraint in the second period does not increase first-period
savings compared to the setting without a liquidity constraint.
As noted earlier, these are our only underpowered hypotheses,
so a null result here might not be surprising. We cannot reject
hypotheses set H2a-H2b, that in both treatments, HIGH and Low,
period 2 savings in CON are greater than period 2 savings in UNC.

As a robustness check, in Table A.5 of the online Appendix, we
also report results for hypothesis sets Hla-H1lb and H2a-H2b,
separately for income/wealth levels where either borrowing or

savings is predicted. Period 1 savings in CON are not significantly
different from UNC savings in both ranges. Period 2 savings in
CoN are not significantly different from UNC savings only in the
borrowing range, but they are significantly different in the savings
range. The last two findings regarding period 2 savings are in line
with theoretical predictions.”

Beyond hypotheses Hla-H1b and H2a-H2b, we cannot reject all
other hypotheses; that is, we reject the null of no difference in sav-
ings between the treatments/periods in favor of theoretical direc-
tional predictions with the sole exception of hypothesis H3c.!

Table 3 provides the more detailed findings. There, we also
report more conservative nonparametric test results as robustness
checks: We use clustered signed-rank tests for hypotheses 1a-3d
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TABLE 3 | Hypotheses tests.

Difference of mean savings

Significance of Significance of

Hypothesis between treatments/periods difference of means paired differences
Resultla  sfoNtier 5 gUNcllicn sCoNHIGH _ gUNCHlIGH -1.65 p = 1.000 p = 1.000
Resultlb ~ spoNov > gNebow SpONOW — gNCLOW = -1.97 p =1.000 p = 1.000
Result2a  sfONIO > gINerion 55 ONTHIGH — gINCHIOH — 7.35 p =0.002 p < 0.001
Result2b  sfONOV > gINelow 55 ONLOW — gINCLOW = 4.46 p=0.019 p <0.001
Result3a  syNeHon 5 gUNCHIGH SYNCHIGH _ gUNCHIGH — 3.72 p =0.017 p =0.091
Result3b ~ sfoNfem . gContieH SSONHIGH _ gCONHIGH 12.72 p < 0.001 p < 0.001
Result3¢ sV > gNelow SyNCHOW — gNCLOW = 311 p=0125 p=0329
Result3d ~ s5OMOV > spONLOW §5ONEOW — gPONLOW = 9.54 p <0.001 p <0.001
Result4 ~ gVNewon 5 gUNchow SUNCHIGH _ gUNCLOW — 7.21 p = 0.004 p=0.011
Result5 — gfoNiien 5 gConLow SCONHIGH _ gCONLOW — 7.52 p = 0.002 p = 0.007
Result6 ~ syNeMom > gINCLow sy NCHIGH _ gUNCLOW — 7.81 p = 0.060 p=0.127
Result7 — sfontier 5 gfonow SSONHIGH _ gCONLOW 10.70 p = 0.001 p = 0.096

Note: The p-values of the difference of means are based on (one-sided) t-tests that the observed difference of means is less than or equal to zero. The p-values of
the paired differences are based on (one-sided) signed-rank and rank-sum tests (based on the R package clusrank by Jiang et al. 2020). All tests are clustered at

the subject level, and adjusted for three comparisons using a Bonferroni correction.

and clustered rank-sum tests for hypotheses 4-7. The results con-
firm our findings using t-tests; only Result 6 is insignificant. As
noted earlier, our test of hypothesis set Hla-1b is underpowered
given our sample size, though all other hypotheses are sufficiently
powered. The reader should, therefore, condition on these facts in
evaluating our empirical findings.

In a second step, we compare observed savings with predictions
(this cannot be done by just comparing predicted savings in
Table 1 and observed mean savings in Table 2 because savings in
the second period depend on both the income realizations and
the savings from the previous period, in contrast to savings in the
first period, which only depend on the income realizations in that
period). Table 4 shows the results of our analysis of conditional
savings behavior by comparing it to optimal savings, s*. In the
first period, we observe significant oversaving in the UNCHIGH
treatment and significantly higher oversaving in UNCLOW com-
pared to CONLOw. In the second period, we observe significant
oversaving in all treatments (with savings up to five times the
predicted level).”® Furthermore, deviations from predicted period
2 savings are larger than for period 1 in all treatments. As the
wealth ranges in period 2 are larger than the income ranges
in period 1 (and as period 1 oversaving in three treatments
shifts actual wealth in period 2 to the right), this makes larger
mistakes in period 2 possible (also see Figures 4 and 5 to compare
ranges and natural constraints). Finally, in the CON treatments,
deviations in period 2 are larger than in the UNC treatments.
This is a direct consequence of the constraint (due to which, for
low wealth realizations, borrowing is not possible): here, subjects
in CON can only take decisions that result in positive deviations
(whereas in UNC, for low wealth realizations in period 2, subjects
can also take decisions that result in negative deviations).”

In a third step, we test whether the observed behavior results
from subjects’ deliberate decision-making using three different
heuristics. We first compare observed savings with the expected

savings that would result if subjects randomly chose values from
the allowed savings intervals, sk .21 Second, we test whether sub-
jects made use of a boundedly rational consumption-smoothing
heuristic, s*!, to determine their savings. In particular, we
consider the case where the individual simplifies the uncertainty
about future income using Ey, and Ey; in place of y, and y;
and then solves for s; and s, using only the budget constraints in
Equations (2)-(4), and ignoring the induced utility function and
the future liquidity constraint.> This nonoptimizing approach
results in perfect consumption-smoothing across periods, ¢, =
¢, = ¢; = c¢. The third approach, s'2, is similar to the second
approach, except that we assume that agents ignore the presence
of period 3 (and the future liquidity constraint in period 2),
smoothing consumption only in the first two periods.? All
three heuristics discussed in this section are shown for period
1 in online Appendix Figures A.4 (for UNCHIGH) and A.5 (for
CONHIGH). There one can see that expected random savings are
higher than optimal savings for all income levels while the other
two heuristics generally predict less than optimal savings for all
income levels.

Table 4 reports on deviations and root-mean-square errors
(RMSES) of observed behavior from these three heuristics in all
treatments and periods. We see that with one exception (period
2 of UNCLow), all deviations from random choices, s®, are sig-
nificantly negative. Furthermore, the magnitude of all deviations
from random behavior is larger than the corresponding deviations
from optimal behavior s*, with the sole exception of CONLOW.
In terms of RMSE, the data are generally closer to s* than to s®.
The fit of the consumption smoothing heuristics s' and s,
are generally better than the fit of s® in terms of the absolute
deviations and RMSEs except for period 2 of UNCLoOW. Except for
period 1 of CONLOw, the absolute deviations and RMSEs for s
and s'? are somewhat worse than for the predicted savings, s*.
Overall, we conclude that by comparison with random choices
and the consumption-smoothing heuristics, the predicted savings
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TABLE 4 | Deviations of observed (s) from optimal (s*), and heuristic behavior (s¥, s, and s/2).
Hicu Low
Unc Con Unc Con
Period 1
Deviation s1 — s7 (y1) + 4.07** + 1.53 + 0.99 —-1.32
( 1.68) ( 1.76) ( 1.62) ( 1.52)
[23.17] [22.81] [17.39] [15.87]

difference=-2.54 (p = 0.124)

Deviation s1 — sf(y1) —9.13%** —10.66***
(1.68) ( 1.76)
[24.35] [25.03]

difference=—-2.31** (p = 0.047)

—3.64%* —5.56%**
( 1.62) ( 1.52)
[17.70] [16.74]

difference=—1.53 (p = 0.353)

Deviation s1 — s (y1) — 8.29%** —6.80**
( 1.68) ( 1.77)
[24.34] [23.97]

1rrerence=——1. =Uu.
diff 1.92* (p = 0.096)

+ 1.34 + 0.56
( 1.62) ( 1.53)
[17.41] [15.91]

difference=1.49 (p = 0.367)

Deviation s1 — sf2(y;) + 8.37*** 4 6.84%**
( 1.67) ( 1.76)
[24.07] [23.66]

difference=1.89 (p = 0.101)

+ 1.36 ~0.56
( 1.62) ( 1.52)
[17.37] [15.80]

difference=1.53 (p = 0.353)

Period 2

Deviation s2 — s5(y2, 51) + 6.57%** +10.90***
( 2.00) ( 2.00)
[27.50] [26.00]

difference=—1.92* (p = 0.096)

+ 3.70" + 6.25%%*
( 2.17) ( 1.61)
[21.13] [15.55]

difference=4.34** (p = 0.014)

Deviation sg — sg(yg, s1) — 9.65%** —18.24***
( 1.97) ( 1.85)
[28.23] [29.50]

difference=2.52 (p = 0.120)

—-1.19 —25.16%**
( 2.17) (1.72)
[20.85] [29.50]

difference=-8.59*** (p = 0.000)

Deviation sg — sgjl(yg,sl) + 7.85%** +11.52%**
( 1.97) ( 1.96)
[27.67] [26.25]

difference=-23.97*** (p = 0.000)

+ 3.81* 4+ 6.317%%
( 2.17) ( 1.61)
[21.16] [15.57]

difference=3.67** (p = 0.034)

difference=2.50 (p = 0.128)

Note: Deviations from optimal savings (conditioned on income realization) and conditionally optimal savings (conditioned on income realization and previous
period’s savings decision), s; and s, are based on the predictions in Section 2. Deviations from random behavior, s‘f and sf, use the savings functions from
Footnote 21. Deviations from heuristic behavior, sf Land sé’ 1 use the savings functions from Footnote 22. Deviation from heuristic behavior ignoring period 3, s{“,
use the savings function from Footnote 23. Standard errors are clustered at the subject level in parentheses. Root-mean-square errors of s and either s* or s¥ in
square brackets. ***, **, and * show the difference from zero (based on two-sided t-tests clustered at the subject level) at the 1%, 5%, and 10% level, respectively.

functions generally provide a closer fit to the observed data,
providing evidence for deliberative behavior by subjects in our
experiment.

In a fourth step, we test whether there is persistence in savings
choices between lifecycles due to anchoring. Specifically, we
regress period 1 savings: (i) on period 1 savings of the previous
lifecycle and (ii) on period 1 savings of the previous lifecycle
and current period 1 income. In Table 5, we report the results of
fixed-effect regressions in two panels. Examining the upper and
lower panel, we see that the previous lifecycle’s period 1 savings
decision does not significantly determine the current lifecycle’s
behavior as it might under anchoring. However, the lower panel
shows the significant positive effect that current period 1 income
has on current period 1 savings. The within-subject coefficients
of determination R? confirm this interpretation: They are small
for the first model (just a constant and the previous lifecycle’s

s; decision do not explain current savings behavior well). When
we add current income, within-subject R* increases in all four
treatments as the subjects react to current income (and save
more with higher income; this increase of within-subject R? is
stronger in HIGH). Finally, in Table 6, we report absolute (dollar)
losses and the share of optimal dollar earnings achieved by the
subjects. We report these per-period losses only for period 1
savings decisions (the cleanest test, since in period 1 there are
no wealth effects from previous savings decisions; also, in period
1, the natural constraints in the UNC and the CON treatments
are identical while they differ—by design—in period 2) for
all treatments. We see that absolute losses (shares of optimal)
are slightly smaller (larger) in CON compared to UNC, and
smaller (larger) in LOow compared to HIGH.?* Our interpretation
from these six tests is that the observed behavior of subjects
involves deliberate decision-making based on (possibly biased)
optimizing reasoning.
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TABLE 5 | Theimpact of the previous-lifecycle’s savings decision on
current savings behavior in period 1 (with and without current income).

UNCHIGH CoONHIGH UNcLow CoNLow

Lagged s, —0.040 0.007 —-0.019 —0.061
(0.044) (0.040)  (0.106)  (0.070)
Constant 8.830™* 6.933%* 1.292%* —0.667**
(0.381) (0.282) (0.148)  (0.038)
#obs. 1450 1450 725 725
#clusters 100 100 50 50
R? (within) 0.002 0.000 0.000 0.004
R? (between) 0.999 0.989 0.992 0.985
R? (overall) 0.178 0.239 0.183 0.171
Lagged s, -0.016 0.010 —0.021 —0.058
(0.043) (0.036) (0.101)  (0.070)
» 0.513** 0.488%*  0.411%*  0.332%*
(0.041) (0.044) (0.113)  (0.113)
Constant —27.529**%  —27.374** —27.531** —23.911*"*
(2.894) (3.036) (7.940)  (7.913)
#obs. 1450 1450 725 725
#clusters 100 100 50 725
R? (within) 0.303 0.320 0.035 0.032
R? (between) 0.000 0.010 0.025 0.597
R? (overall) 0.151 0.165 0.011 0.005

Note: Estimations are based on fixed-effect panel regressions. Standard errors
in parentheses. ***, **, and * show differences from zero at the 1%, 5%, and 10%
level, respectively.

TABLE 6 | Absolute losses due to nonoptimal behavior and share of
optimal in period 1.

Dollar loss Share of optimal
UNCHIGH 0.170 0.947
(0.041) (0.013)
CONHIGH 0.125 0.960
(0.041) (0.013)
UNcLow 0.060 0.982
(0.032) (0.010)
CoNLow 0.021 0.994
(0.020) (0.008)

Note: Standard errors, clustered at the subject level, in parentheses.

5.2 | Estimated Savings Functions

In this section, we estimate savings functions based on subjects’
decisions and compare those estimated savings functions with
predictions. We first consider the savings functions for period
1. We estimate a period 1 savings function by regressing savings
decisions s; by each subject i in lifecycle “round” on current
income y,; using a panel regression estimator (with u being the

individual effect and e the disturbance term):
Sl,i,round = constant + 6yl,i,round + u; + ei,round~ (8)

Figure 4 shows the fitted values of this estimated period 1 saving
function for all four treatments, along with 95% confidence
intervals. These estimated savings functions are shown together
with scatterplots of actual (jittered) period 1 savings decisions, s,
against actual period 1 income, y,, as well as predicted intertem-
porally optimal period 1 savings, s*. We observe the following:
(i) considerable heterogeneity in observed savings decisions in all
treatments, as the scatterplots make clear;? (ii) in the UNCHIGH
treatment, we see that for low period 1 incomes the estimated
period 1savings function is significantly higher than predicted but
becomes indistinguishable from the prediction for higher period
1 incomes; and (iii) in the CONHIGH treatment and the Low
treatments, the estimated and predicted period 1 savings overlap.

Next, we consider the savings behavior for period 2, s,, in a
manner similar to period 1, but where s, is a linear function of
actual period 2 wealth, w,. We again plot actual (jittered) period
2 savings decisions against actual period 2 wealth levels for all
four treatments in Figure 5. In those same figures, we report
linear estimated savings functions for the UNC treatments that
are similar in specification to Equation (8) except that w, replaces
¥1, and linear threshold estimated savings functions for the CON
treatments.”® Since period 2 savings predictions in the CON
treatments are piecewise defined, and the slope of the savings
function depends on the wealth realization, w,, the estimated
threshold savings function is able to determine the threshold level
of wealth, y, at which period 2 savings behavior changes:

Sy iround = constant + w2,i,round(w2,i,r0und < y)ﬁl
+ w2,i,r0und(w2,i,round > }/)BZ + u; + ei,round' (9)

Thus, to estimate the period 2 savings function for the CoN
treatments, we use Equation (9) and estimate the slope 8, (which
is, in theory, equal to zero), before the estimated threshold y
(theoretically 63.7 in HIGH and 69.5 in LOw), and the slope 3, (the-
oretically 0.492 in HIGH and 0.499 in Low), after that estimated
threshold. In the threshold regression approach, the threshold y
is endogenously determined by minimizing the residual sum of
squares; u is the individual effect, and e is the disturbance term.

In Figure 5, we observe the following: (i) in UNCHIGH, period
2 savings is higher than predicted for low period 2 wealth
levels w,, but for higher wealth levels, period 2 savings are
indistinguishable from predictions; (ii) in UNCLOW, period 2
savings are indistinguishable from predictions for all period 2
wealth levels; and (iii) in both CON treatments, the endogenously
determined thresholds, y = 115.9 in CONHIGH and y = 84.4
in CONLOw) are well above the predicted thresholds of 63.7
(CoNHIGH) and 69.5 (CONLOW); the estimated slope before
the endogenously determined threshold is greater than the
prediction of zero, while after the threshold the estimated slope
is even greater than before the threshold, but less steep than the
prediction for these period 2 wealth levels.

Table 7 shows the estimated coefficients from the savings func-
tions displayed in Figures 4 and 5. As the savings predictions in
the UNC treatments are nearly linear, the predictions shown here

11

858017 SUOWILLOD 8A11E81D) Bdedl (dde ay) Aq peusencb a.e s9oilie YO ‘8sn Jose|n. 10} ArIqiT 8UIUQ A1 UO (SUOTIIPUOD-PUE-SULBY WO A8 | 1M AlRIq 1 BU1|UO//SANLY) SUONIPUOD PUe SWIB | 8U1 88S *[5202/60/TZ] Uo A%l 8ulluo A8|iM @XesO JO AiseAlun ay L Aq #8/2T 9 TTTT 0T/I0p/WOod A8 | im AIqiul|uo//Sdny Woij papeojumod ‘0 ‘YSEzeorT



‘<< < "A19A1309dSaI ‘[OAI] %0T PUE ‘%S ‘%1 S} I 0IOZ WOIJ SOOUAIIP MOYS , pue *

sk ko

*(SuOISsaI3a1 359 JO 66°0 < L [[B) YI[BaM/aW0dU] Uo s3urAes [ewdo Jo SuoIssaISal TeaUl] WOIJ PIALISP dI8
suonoIpa1d “(A19An2adsa TOAI] %0T PU ‘%S %1 oy 1e Juedyrudis) uonorpaid oy uey) (1981e[) I9[[eWS A[JULIGIUSIS ST JUSIOLIFI0I PAIBWINSS ) SIYM $)$3) P[BAY POPIS-0M) WOI} S}NsI 3y} AedsIp (> >> >>>) < pue ‘<<

'sesatjuared Ul SIOLIS pIepuels (S0 Sueay) Surwuwiiy 96 yim Seauax agexoed eyels ayj Sursn suorssardal [oued Joagjo-paxIy PoYsIY)

‘z porrad Ul sjusurjean) NOD 9} UI ‘suolssaidar [oued 109JJo-paxIj U0 paseq Ik SUOIeWNSH "d[qelTea juspuadap oy se & yimm [oued 1omof 9y ‘d[qerrea juapuadap oY) se s yiim suorssarSar smoys [oued 1addn oy, 270N

65C°0 (Tre1000) LEEO (Trexras0) J L6Y'0 (Tre10n0) ey (Trexa40) -y
88€°0 (usamiaq) 809°0 (usamiaq) ¥ L9L°0 (usamiaq) ¥ €1L°0 (usam1aq)
8LT°0 (urpim) ¥ 891°0 (urgnm) .y 8L€°0 (urgpim) ¥ $2€°0 (urpm) ¥
0S SI9ISNO# 0S SISISNO# 001 SI9)SNO# 001 SI9ISNO#
0SL "SQO# 0SL '$qo# 00ST "$qO# 00ST "SqO#
(Ts1'9) (e¥€'6) (0£02) (0v02)
b€V T— JUBISUOD ., GI6°0E— >>>  89GHE—  JUBISUOD .\, 8P6°C— JUBISUOD 4, 19T LT— 980°0S—  JUBISUOD
(c010) (s£0°0)
weslSTO <<< 660 Pp8 < “m #0010 w610 6'STT < “m
(£80°0) (8¢1°0) (920°0) (810°0)
«0ST'0 ry8 >t 9610 861°0 tm ##x58C°0 6'STL> M 44,1050 187°0 tm
S10'0 (ITe1an0) -y 9200 (TTerano) ¥ 910 (TTerano) 8S1°0 (TTerano) -y
7000 (usamiaq) ¥ £70°0 (ueamiaq) ;¥ £00°0 (udamiaq) Ly S00°0 (ueamiaq) ;¥
7€0°0 (urqm) -y 0£0°0 (urypm) 87€°0 (urmpm) €62°0 (urqm) ¥
oS SI9)SN[I# (0] SI9ISNo# 001 SI9)SNo# 001 SI9)SNo#
0SL 'SqO# 0SL 'SqO# 00ST 'SqO# 00ST 'SqO#
(STH°9) (¥zr9) (L0T2) (S06°2)
ws06E£°ST—  >>>  00P'Ob—  JUBISUOD  ,,./65°97— >>>  86I'0pb—  JUBISUOD . TEL/7— >>>  66V'SE—  JUBISUOD  ,,,098°97— >>>  068°0p—  IUBISUOD
(¥0°0) (¥80°0) (610°0) (120°0)
#erSSE0 << 885°0 i« web6E0  <<< $99°0 I« waV6V0  <<< T8S0 s €060 <<< P90 s
uonewrnsy uonoIpard uonewrnsy uonoIpaId uonewrnsy uonoIpard uonewrnsy uonoIpard
MOTNOD MOTONN HDIHNOD HOYIHONN

"suonouny sduraes (p[oysaIyy) 1eaul] palewnsy | L HIIVL

14682354, 0, Downloaded from https://onlinelibrary.wiley.com/doi/10.1111/iere.12784 by The University Of Osaka, Wiley Online Library on [21/09/2025]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

International Economic Review, 2025

12



also result from linear regressions of optimal savings decisions
on income.?’ In period 1 of all treatments, the estimated intercept
is significantly greater than predicted, and the estimated savings
function slope coefficient is significantly smaller than predicted.
In period 2, for the UNC treatments, the estimates are similar: esti-
mated intercepts and coefficients are close to predictions (though
the UNCLOW intercept is significantly greater than predicted). For
the period 2 savings coefficients in the CON treatments, we only
have predictions for the coefficients above the threshold (they lie
entirely in the region where positive savings are predicted; the
coefficient of savings before the threshold consists of a region
where no savings or some positive savings are predicted). In the
estimated postthreshold region, these savings slope coefficients
are significantly smaller than predicted.?, %, 3° Summarizing, we
generally find that, relative to theoretical predictions in period
1, the estimated savings functions have a higher intercept and
a smaller slope, resulting in greater than predicted savings,
particularly at low income or wealth levels in UNCHIGH. In
the constrained case, we find that the endogenously determined
threshold for a break in the period 2 savings function occurs at
a much higher level of period 2 wealth than the model predicts,
indicating a greater precautionary motive than predicted.

6 | Behavioral Explanations

In Table 3, we have seen that first-period savings in the con-
strained case are smaller than in the unconstrained case, contrary
to theory. In this section, we consider three behavioral explana-
tions that help to rationalize these departures from theoretical
predictions. The first explanation we consider is that subjects
are debt-averse; they are more likely to avoid borrowing than
they are to avoid saving when borrowing/saving is the optimal
choice. Consequently, the presence or absence of a constraint
on borrowing does not matter as much for their decision-
making. The second explanation is that there is heterogeneity in
subjects’ cognitive abilities; some subjects are able to look ahead
to optimally respond to liquidity constraints while others are not,
and we ask whether such heterogeneity in cognitive abilities can
explain the departures we observe from theoretical predictions.
Finally, we consider whether repeated experience with the model,
or learning, plays any role. As there may be some novelty to the
environment subjects face in the experiment, it may take subjects
some time to learn the optimal behavior. With experience, their
behavior might be more in line with theoretical predictions.

6.1 | Debt Aversion

To examine debt aversion as an explanation for the observed
behavior, we first test whether subjects’ savings decisions have
the predicted sign, relative to the optimal solution. Second, we
derive a behavioral model employing an extreme version of debt
aversion, where subjects avoid borrowing in period 1, even though
they were always free to borrow in period 1 of our experiment,
and we test that model against the optimal solution. Finally, we
posit a reference-dependent savings model to assess the extent of
subjects’ debt aversion.

6.1.1 | Evidence From a Simple Binary Model

For this analysis, we introduce the variable “binary optimal” for
each savings decision that each subject makes. Binary optimal
takes the value 1 if the decision is in line with theory (the subject
saves if it is optimal to save, borrows if it is optimal to borrow, or
does neither otherwise). It takes the value 0 otherwise.3! With this
variable, we only consider whether the sign of the savings decision
is correct. That is, we test the extensive margin prediction (asking
whether subjects save or borrow) and not the intensive margin
prediction (how much they save or borrow). We later address the
latter question in Section 6.1.2.

Table 8 shows the shares of binary optimal decisions for the range
of income (in period 1) or wealth (in period 2) where (i) subjects
should borrow and (ii) subjects should save. (We do not show
the second period of the CON treatments, as all decisions for that
period are binary optimal by design.) We observe that, in the
borrowing range, between 51.7% and 63.1% of all decisions have
the predicted sign. By contrast, in the saving range, between 68.5%
and 84.9% of all decisions are classified as binary optimal. The
differences between the shares in the two ranges are positive for
all treatments and periods. They differ significantly from zero in
all but period 1 of the CONLOW treatment. This overall finding is
consistent with debt aversion: subjects take more binary optimal
decisions when the income shock realization predicts they should
save than when it predicts they should borrow.

Next, we consider whether and how the binary optimal
classification changes with income/wealth values in all relevant
treatments and periods. Figure 6 displays point estimates of the
frequency of binary optimal decisions (along with 95% confidence
intervals) for all integer values of income and wealth together
with separate linear regression lines for the borrowing and saving
range.> We observe the same pattern in most treatments and
periods except period 1 of CONLOw) in Figure 6d and period
2 of UNcLow in Figure 6f): the fitted line in the borrowing
range decreases with income/wealth until the cutoff (where the
predicted sign of savings changes), and after the cutoff, in the
saving range, the fitted line “ jumps” to a higher level and further
increases with income/wealth. In the borrowing range, subjects
make less accurate decisions, on average, when the income shock
is closer to the cutoff. In the savings range, subjects are also less
correct on average when the shock is closer to the cutoff, but
overall, they take more correct decisions than in the borrowing
range.

To answer the questions of whether we can quantify these
differences locally around the cutoff and how the probability
of behaving in a binary optimal fashion changes around the
cutoff, we make use of a regression discontinuity analysis® of
the data where the assignment to the borrowing or saving area
is (partly) random and depends deterministically (due to the
savings predictions) on the income realization.>* Hence, we have
a sharp discontinuity in the assignment to either the borrowing
or saving range as a function of the running variables income
and wealth (where our estimation uses a triangular kernel, which
gives decreasing but nonzero weight to observations further from
the cutoff).
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TABLE 8 | Binary optimal behavior with tests on aggregate and local differences.

Share (conditionally) binary optimal

Treatment Period Should borrow Should save Aggregate difference Local difference
UNCHIGH 1 55.6% 80.1% 24.5pp (p < 0.001) 16.7pp (p = 0.117)
[—12.5; +12.5]
CoNHIGH 1 59.5% 80.7% 21.2pp (p = 0.001) 24.8pp (p = 0.046)
[—11.0; +11.0]
UNCLOW 1 51.7% 75.9% 24.1pp (p = 0.002) 34.0pp (p = 0.037)
[—4.1; +4.1]
CoNLow 1 53.9% 68.5% 14.6pp (p = 0.101) 8.4pp (p = 0.612)
[—3.7; +3.7]
UNCHIGH 2 63.1% 84.5% 21.3pp (p < 0.001) 10.3pp (p = 0.478)
[—8.6; +8.6]
UNCLoOwW 2 55.5% 84.9% 29.4pp (p < 0.001) 10.2pp (p = 0.495)
[—4.0; +4.0]

Note: Tests on aggregate differences use two-sided t-tests with standard errors clustered at the subject level. Tests on local differences use a sharp local linear
regression discontinuity estimation with a triangular kernel and standard errors clustered at the subject level (using Stata package rdrobust by Calonico et al.
2017). Numbers in brackets give the symmetric MSE-optimal bandwidth calculated around the cutoff.

We estimate the average change of the probability that subjects
behave in the binary optimal manner in the saving range
compared to the borrowing range near the cutoff. The results
are shown in the final column of Table 8. The local differences
around the cutoff are positive for all treatments and periods.
For CONHIGH and UNCLOW in period 1, we observe that the
local differences are greater than the aggregate differences and
significantly different from zero.*

6.1.2 | Evidence from Model Comparisons

In this section, we compare which of these three models best
describes observed behavior: the unconstrained, the liquidity-
constrained, or a behavioral, “debt aversion” model. For these
comparisons, we derive the savings predictions of a hypotheti-
cal, perfectly debt-averse individual. The debt-averse individual
always seeks to avoid any debt, even if borrowing is possible.
She behaves as if she faces a no-borrowing liquidity constraint
(no matter whether a constraint is present). Thus, the savings
function in period 2 for a debt-averse individual is the same as
for the constrained individual:

sDA = sSON, (10)

Using the same backward induction procedure applied in Sec-
tion 2, we derive the savings prediction in period 1 for a
debt-averse individual that, in addition to s, > 0, also sets s; > 0
(thus, the individual has higher savings in period 1, compared
to UNC and CON because due to her debt aversion, she does not
borrow when the two models predict borrowing):

CoN 3 CoN
R if s;°%>0
DA =

0

otherwise.

an

TABLE 9 | Model comparisons using root-mean-square errors.

Treatment

Model UNCHIGH CoONHIGH UNcLow CoNLow

s, UNc 23.17 23.06 17.39 15.92
CoN 22.84 2281 17.36 15.87
DA 22.64 22.90 17.43 15.90
s, UNc 28.14 27.63 2113 17.94
CoN 27.50 26.00 21.42 15.55

Note: RMSE = /= ¥V (prediction, - observation,)’. Model with best
N =

fit is underlined (perfect score = 0).

We now turn to which of the three models explains our exper-
imental data best. Table 9 shows the RMSEs of the UNc, CON,
and DA models relative to the data for the first period (these
model predictions are conditioned on realized income y;) and the
UNC and CoN model for the second period (they are conditioned
on the previous savings decision s, and realized income y,)
when compared with the individual-level data from all four
treatments.*® For first-period savings, UNC decisions are best
explained by the more debt-averse models DA and CON while
CoON decisions are best explained by the correct model. For
second-period savings in Low, the predicted model, CON or
UNC, describes behavior best according to whether the liquidity
constraint was binding or not; in HIGH, the CON model explains
behavior best. We can only speculate why behavior in period 2
is closer to predictions—observed oversaving in period 1 might
have reduced low wealth observations in period 2 where subjects
deviate more from predictions. These findings confirm our results
from the previous section: especially in the UNCHIGH treatment
in the first period, subjects behave in a very debt-averse manner.
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Note: Point estimates for the wealth ranges in period 2 are calculated for rounded values (as savings decisions in period 1 can have a decimal place). The
confidence intervals (at the 95% level) are based on standard errors clustered at the subject level. The vertical lines divide the income/wealth range into
borrowing/saving regions based on theoretical predictions. Graphs created with the Stata package rdplot by Calonico et al. (2017).
Note: Point estimates for the wealth ranges in period 2 are calculated for rounded values (as savings decisions in period 1 can have a decimal place). The
confidence intervals (at the 95% level) are based on standard errors clustered at the subject level. The vertical lines divide the income/wealth range into
borrowing/saving regions based on theoretical predictions. Graphs created with the Stata package rdplot by Calonico et al. (2017).

6.1.3 | Classification of Saving Behavior in the
Borrowing Range

The behavioral model proposed in the previous section involves
an extreme form of debt aversion—it assumes that individuals
avoid debt altogether. While this model performs very well
(especially in the HIGH treatments), this assumption might seem

too strong. In this section, we set up a more general model to
evaluate our data.

We propose reference-dependent savings functions: we assume
that in the borrowing range, individuals multiply the optimal
savings amount for each period by a debt-aversion parameter, 4,
when setting their behaviorally optimal savings amount (while
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TABLE 10 | Summary of the calculated A parameter, by observations.

HIGH Low
UNC CoNn UNC CoN
Period 1
Mean -0.70 0.41 -0.91 2.75
(0.84) (0.66) (0.91) (1.43)
Median 0.35 0.93 0.14 0.41
# obs. 597 615 344 356
Period 2
Mean -0.51 — 0.05 —
(1.37) (0.52)
Median 0.73 — 0.62 —
# obs. 548 — 321 —

Note: Standard errors clustered at the subject level in parentheses.

they set optimal savings according to Section 2 in the savings
range).”” Thus, the behavioral savings function, allowing for 4,
sf"’ , is a piecewise function:

i) {/Usf’j if 5 <0
5= *j I (12)
s, if 5,7 >0.

Here, j designates the treatment, ¢ the period, and sf‘j is the
optimal solution according to Section 2. Given an observed
savings decision, s/, in the borrowing range, we can calculate
A (for decisions in the savings range, we cannot calculate 4;
by construction, this is not possible in period 2 in the CON
treatments):

|m
K

. *,J
= if 5,7 <0
5t

not defined  if 5/ > 0.
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Thus, 4 can be considered a (potential) wedge between the
borrowing amount predicted by the standard savings functions
and the observed decision (where 4 can push the decision toward
either saving more or less than predicted, depending on the sign).
We can interpret the debt-aversion parameter A in the following
way:3®

* 1 <0 indicates perfect debt aversion (the subject does not
borrow, even though it is predicted),

* 0 < A < lindicates partial debt aversion (the subject borrows,
though less than predicted),

* 1 =1 indicates no debt aversion (the subject borrows exactly
as much as predicted),

* 1> 1indicates overborrowing (the subject borrows more than
predicted).

We calculate the debt-aversion parameter for each decision in
each treatment of our experiment. Table 10 shows summary
statistics. While the medians of all treatments and periods lie
in the range of partial debt aversion, the means differ by the

treatments: In period 1 of all UNC treatments and period 2 of
UNCHIGH, the means indicate perfect debt aversion; with a
lower income variance and with the constraint, the mean savings
decisions are less debt-averse.

6.2 | Cognitive Abilities and Risk Preferences

In this section, we examine whether the measures from Part 3 of
our experiment, the ToH game, the lottery task, and the items
from our ex post questionnaire can explain the deviations we
observe from optimal savings predictions.®

Table 11 shows results from panel regressions, where we try
to understand deviations of observed behavior from theoretical
predictions in period 1 based on individual characteristics (our
primary concern is the deviation from predictions in this first
period). Since we expected that GPA, CRT score, and ToH
performance would predict a lower deviation, no matter the
direction, we use the absolute deviation as our first dependent
variable. However, we also consider either positive or negative
deviations separately to check whether the cognitive measures’
coefficients have the predicted sign and to test if strict risk
aversion increases savings. We also look at simple deviations (to
test if strict risk aversion increases savings) in period 1.

Subjects’ performance in the CRT explains these period 1 devia-
tions best. The higher the subjects’ ability to override system 1 and
employ system 2 thinking (the higher the CRT score), the lower
their deviations are in all specifications but the last one (where
we do not expect it to have an impact). Variations in GPA and
ToH scores (and the number of moves if ToH was solved) do not
explain deviations, most likely because almost all subjects solved
the ToH task and because there is little variance in GPAs across
subjects. The coefficient on the strict risk-aversion measure has
the expected sign in all regressions. However, it is only statistically
significant if we use all observations together with the direction
of the deviation.*® Our findings are in line with Ballinger et al.
(2011), who also found that cognitive measures, as opposed to
other demographic factors, were the best predictors of behavior
in their savings experiment.

6.3 | Learning Over Time

Other laboratory studies of savings behavior (e.g., Ballinger et al.
2003, Brown et al. 2009, Meissner 2016) find that subjects improve
their saving decisions with repetition. While in our experiment,
one lifecycle consists of only two active periods, we give subjects
ample time to learn by collecting data on 15 lifecycles for each of
the CON/UNC treatments, resulting in 60 decisions per subject.
In this section, we test whether there is evidence for learning in
our experiment.

Table 12 reports results from fixed-effect panel data regressions,
regressing deviations and absolute deviations of behavior from
predictions on the round number in each of the four treatments
and for each of the two periods. The coefficients on the round
number are all negative and, thus, reduce the deviation in all
treatments/periods. However, the round coefficients in the devi-
ation regression are not significantly different from zero. Using
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TABLE 11 | Determinants of pooled deviations in period 1.

|Deviation| Deviation >0 Deviation <0 Deviation
Female== 2.335 1.291 —2.563 —3.493
(2.152) (2.555) (1.922) (2.639)
Age —0.389 —-0.478 0.170 0.0729
(0.744) (0.876) (0.659) (0.912)
CRT score —3.493%** —3.120%** 2.8697** 0.798
(0.802) (0.969) (0.706) (0.984)
GPA 0.257 0.842 0.340 3.089
(1.695) (2.032) (1.520) (2.079)
ToH solved==1 4.527 5.665 —5.815 —15.055
(9.570) (11.086) (8.620) (11.735)
ToH solved==1 * Moves 0.090 0.129 —0.246 0.086
(0.245) (0.286) (0.220) (0.301)
Strict risk aversion 0.274 0.490 0.158 0.946**
(0.378) (0.450) (0.332) (0.464)
Constant 18.750 14.706 —12.783 —2.546
(18.876) (22.110) (16.833) (23.147)
#obs. 3420 1704 1701 3420
#clusters 114 110 m 114
R? (within) — — — —
R? (between) 0.201 0.143 0.182 0.092
R? (overall) 0.112 0.106 0.151 0.040

Note: Standard errors in parentheses. ***, **, and * show difference from zero (based on two-sided t-tests) at the 1%, 5%, and 10% level, respectively.

absolute deviations as the dependent variable, we observe that all
the coefficients on round numbers are negative and significantly
different from zero. Thus, we find evidence that over time,
subjects reduce their mistakes; the learning over the 15 rounds
per treatment of the experiment reduces the oversaving constant
by about 13.4%-25.7%, depending on the treatment/period.*

7 | Summary and Conclusion

In this study, we have explored the impact of liquidity constraints
on savings behavior in the buffer stock savings model. Liquid-
ity constraints are considered empirically important factors in
savings behavior, yet these constraints are often difficult for
researchers to observe directly. Hence, we resort to a controlled
laboratory test to turn liquidity constraints on or off in a simple
three-period model. In our experiment, unexpected expenditure
shocks and other savings motives are absent. Thus, our experi-
ment provides a clean and direct test of the underlying theory.

Contrary to theoretical expectations, we find that the anticipation
of liquidity constraints in the second period of our model does
not lead to increased savings in the first period. However, our
findings do corroborate the model’s predictions in several other
dimensions: (i) savings in the second period of the constrained
model are higher than in the treatment without the constraint;
(ii) savings in the second period are higher than in the first period

except in one treatment; and (iii) savings are higher when there
is increased income uncertainty. Still, in almost all treatments
and periods, we observe significant oversaving relative to the
theoretical, rational actor model predictions.*?

In further analyses, we try to identify why the liquidity constraint
does not result in higher period 1 savings. We find that a
combination of debt aversion, heterogeneity in cognitive abilities,
and/or learning can explain the deviations we observe from the
theoretical predictions. Especially in the experimental treatments
with high income uncertainty, debt aversion seems to play an
important role in explaining the lack of any anticipation effect;
since subjects are already saving more than they need to in
period 1, the effect of the liquidity constraint in period 2 is
greatly diminished.

Our results have several implications for macroeconomic model-
ing and policy design. First, our experimental evidence suggests
that traditional buffer stock models could be adjusted to account
for a different kind of liquidity constraint, namely, the behavioral
bias against debt, along with heterogeneity in the extent of
such biases. As we show, a model with partial debt aversion
fits the experimental data better than the standard buffer stock
model with or without real constraints on borrowing. Our results
suggest a broader conceptualization of savings dynamics that
incorporates behavioral factors and heterogeneous types.

17

858017 SUOWILLOD 8A11E81D) Bdedl (dde ay) Aq peusencb a.e s9oilie YO ‘8sn Jose|n. 10} ArIqiT 8UIUQ A1 UO (SUOTIIPUOD-PUE-SULBY WO A8 | 1M AlRIq 1 BU1|UO//SANLY) SUONIPUOD PUe SWIB | 8U1 88S *[5202/60/TZ] Uo A%l 8ulluo A8|iM @XesO JO AiseAlun ay L Aq #8/2T 9 TTTT 0T/I0p/WOod A8 | im AIqiul|uo//Sdny Woij papeojumod ‘0 ‘YSEzeorT



14682354, 0, Downloaded from https://onlinelibrary.wiley.com/doi/10.1111/iere.12784 by The University Of Osaka, Wiley Online Library on [21/09/2025]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

"A[oAT}OdSAI “TOAI] %0T PUE ‘%S ‘%T ) & 0I9Z WIOIJ SOOUIIIP MOYS , PUE ., *..., "Sesayjuared Ul SIOIId pIrepue)s suorssaidal [oued J09JJo-paxIj UO paseq dIe SUOBWNSH :9JON

7200 L10°0 (Ire12a0) ¥ 910°0 200°0 (Irexan0) ¥ 200°0 200°0 (Ire1en0) ¥ 1€0°0 S20°0 (Ire1an0) ¥
0£0°0 820°0 (usamiaq) .y 610°0 2000  (usamiaq) Ly 000°0 100°0 (usamiaq) ¥ 1500 850°0 (usamiaq) .y
L00"0 £00°0 (urgm) 110°0 200°0 (urpm) 7100 7100 (urpim) ¥ L00'0 0000 (urmpm)
0S 08 SIISN[O# 0s 0S SIISN[O# 001 001 SI9)SN[O# 001 001 SI9ISN[O#
0SL 0SL 'Sqo# 0SL 0SL 'SqO# 00ST 00ST 'Sqo# 00ST 00ST 'SqO#
(080°1) (szzD) (T8v'1) (60077) (091'T (Log1) (Log1) (8LLD)
wx6L°6 #4x566°L 1UB)SU0d sl TT'ST #3+C L9 JUB)SUOD woxOVL 8T s C 1S79T JUBISUOD w3+ 110°CT -y JUB)SUOD
(£90°0) (9L0°0) (260°0) (sz10) (2L0'0) (180°0) (180°0) (011°0)
#+EST0— 601°0— punox #5x19T°0— 0ST'0— punoix w596T 0~ 4nl €€°0— punox 45 1ST°0— 00— punoix T polad
2000 000°0 (I1e1040) ¥ 9000 900°0 (11e1240) ¥ 000°0 000°0 ([1e1240) ¥ 7£0°0 ¥20°0 (11e1240) ¥
2000 100°0 (usamiaq) .y S00°0 €10°0 (usamiaq) .y ¥00°0 0000  (usamiaq) ¥ 7500 0500  (udamiaq) ¥
¥00°0 000°0 (urgim) .y 800°0 2000 (urqm) -y S00°0 2000 (urpm) L000 2000 (urm) y
0S 0S SI)SN[O# 0 0S SI9ISN[O# 001 001 SIISN[O# 001 001 SI9)SN[O#
0SL 0SL 'Sqo# 0SL 0SL '$qQO# 00ST 00ST 'Sqo# 00ST 00ST "$qQO#
(061°1) (8791 (Logn) (Ts81) (Tson) (ov+v'D) (2901 (9¥S°T)
s OTTT 961'1— JUB)ISUOD s 98LTT 808°C JUB)SUOD s ELT 8T #+E85°€ JuB)SUOD #x6CE 61 #5:9E'9 JUB)SUOD
(#L0°0) (zoT0) (180°0) (S11°0) (590°0) (060°0) (990°0) (960°0)
0T10— 800°0— punox #6810~ LIT0— punoix V9T 0— €E1°0— punol k11T 0— €ST°0— punox 1 poL1ad
[uoneraq| uomnemaQ [uoneaaq| wuonemaq [uoneraaq| uomnemsdQ [uoneraaq| wonemaq
MOTINOD MOTONN HSYIHNO)D HOSIHDONN
“101ARY9q [ewndo Woiy SUONRIASP (JRUONIPUO0D) JO JUBUIULISIOP B SB W Suruies] | I dATdV.L

International Economic Review, 2025

18



Regarding the policy implications of our findings, fiscal or
monetary policy design might consider our finding that liquidity
constraints play a more nuanced role than theory suggests.
For instance, policies aimed at alleviating liquidity constraints
could inadvertently affect savings behavior, potentially leading
to oversaving and underconsumption. Moreover, our results
indicate that income uncertainty significantly influences savings
and consumption decisions, underscoring the importance of
income stabilization policies to mitigate the adverse effects of
income volatility on savings decisions.

Adjusting our experimental design to address further research
questions would be promising. For example, in the settings we
study, optimal first period savings is always positive; it would be
of interest to study cases where optimal first savings is negative, to
see whether this reduced the incidence of debt aversion. It would
also be interesting to examine the role of income uncertainty
further. By comparing savings behavior in treatments with an
uncertain income (drawn from a given income range) with
treatments with perfect foresight (with income from the same
range), one could further disentangle the role of uncertainty
in buffer stocks savings (an idea building on experiments by
Carbone and Duffy 2014 and Duffy and Li 2019). It would also
be interesting to consider the behavior of other subject pools
that varied more in age, wealth, or other demographic factors,
or to correlate behavior with subjects’ experience with borrowing
and borrowing constraints. We view our experimental design and
findings as an important first step, so we leave these and other
interesting extensions to future research.
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Endnotes

I This buffer stock model of savings differs from the lifecycle/permanent
income hypothesis of Modigliani and Brumberg (1954) and Friedman
(1957), which posits that individuals’ primary motivation for savings
are lifecycle concerns such as purchasing a home or having income
in retirement.

2There are other advantages of laboratory experiments over work with
field data: In a laboratory experiment, the experimenter has control
over all important variables

(including subjects’ information about income, the planning horizon,

etc.) and can induce a specific utility function (and thus eliminate
questions about which function best reflects subjects’ preferences).
Most importantly, the experimenter randomly assigns subjects to treat-
ments and avoids problems with self-selection. For example, people
may choose or avoid jobs with a high income uncertainty (e.g., German
civil servants enjoy a very certain income, which may be correlated with
their risk preferences; see Fuchs-Schiindeln and Schiindeln 2005), or
they are liquidity-constrained (which correlates with many consumer
characteristics; see Jappelli 1990). The savings/consumption context is
especially suitable for experimental testing since almost every person
engages as a consumer in intertemporal consumption and savings
decisions (in contrast to selling goods in oligopoly markets or bidding in
auctions)—here a student sample has many advantages over a sample
from the general population. Students are intelligent and learn fast
(making for a more conservative test of the theory), the usual monetary
stakes in experiments are more salient for student subjects than for
others with more lucrative outside options. Finally, student recruitment
is relatively cheap, as students are already on campus. We consider
laboratory experiments an important complement to empirical work
on savings behavior using field data.

3Carroll (1997)’s buffer stock model has the possibility of a zero-
income state, but delivers results similar to the case of there being a
liquidity constraint.

“Some experiments have studied the role of liquidity constraints in
intertemporal decision-making but without a buffer stock savings
motive. Stahl (2013) examines preferences over the timing of two
hypothetical payments, early and later, and finds that the share of
subjects who prefer the earlier payment is higher when the payment
dates are before and after Christmas (in comparison to two neutral
dates in the future). Stahl assumes that this behavior difference
is driven by the subjects’ anticipation of their liquidity constraints
due to Christmas shopping. Di Laurea and Ricciuti (2003) conduct
overlapping-generations experiments to examine how subjects react
to tax cuts. They find stronger support for Ricardian equivalence in
a treatment without liquidity constraints than in a treatment with a
liquidity constraint.

SThere is some empirical literature documenting debt aversion outside
the context of buffer stock savings models. Meissner (2016) found
evidence for debt aversion in an experiment without liquidity con-
straints. Meissner and Albrecht (2022) develop a model of debt aversion
that disentangles it from risk, time, and loss preferences. Using this
framework, they report on an experiment involving real debt and find
that 89% of their subjects can be identified as debt-averse. Caetano
et al. (2019) study how the framing of debt matters for debt aversion
among student loan candidates, for example, as a loan or a human
capital contract. Field evidence for debt aversion comes mainly from
research on higher education investments, where debt aversion may
hinder borrowing or the choice of career paths—see, for example,
Callender and Jackson (2005), Field (2009), Oosterbeek and van den
Broek (2009), and Gopalan et al. (2024). By contrast, Eckel et al.
(2007) report that debt aversion does not affect the take-up of loans
for higher education in Canada. Elsewhere, evidence of debt aversion
has been found among homeowners, Pavan and Barreda-Tarrazona
(2020), Schleich et al. (2021) and in the firm financing decisions of small
entrepreneurs, Nguyen et al. (2021) and Paaso et al. (2022).

®The derivation of the analytical solutions of similar models can be
found in Besley (1995, 2141-2144), Carroll et al. (2021, 36-38), and
Jappelli and Pistaferri (2017, 115-118).

7Furthermore, with a three-period model (as opposed to a many-period
lifecycle model), subjects can be repeatedly confronted with making
consumption and savings decisions in that three-period model so that
we can also consider the role of learning or experience when evaluating
model predictions. If subjects cannot achieve the optimum in a
three-period model, they would unlikely fare better in a many-period
lifecycle model.
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8 One reason for this choice is that the periods in our experiment are not
that far apart in time. The main advantage of having a zero interest
rate is that it simplifies the task for subjects in the experiment. Note
that our design does not imply impatience, which is, besides liquidity
constraints, another way to induce buffer stock savings (Deaton 1991;
Carroll 2004).

9Note that with log preferences, u’’(c) = ¢~ > 0. This means the
individual should prudently respond to risk, that is, an operative
precautionary savings motive exists. With a quadratic utility function,
u(c) = ac— gcz, instead of the log function, we would avoid inducing
any precautionary motives in the unconstrained treatments. However,
this would come at a cost: The quadratic function increases almost
linearly in consumption around the solution for many experimental
parameterizations that we calculated (when designing the experiment,
we faced a trade-off of having a solution where the curvature of
the utility function is sufficiently strong and the optimal solution
not violating the natural borrowing constraint, discussed in the next
section). Thus, the log function has the important advantage that we
induce more salient incentives than with the quadratic function.

10For example, the rearranged first-order condition of the problem in
Equation (6) is given by LR E, !

=2 |
wy—S2 y3+s2

U The MATLAB code is provided in Section A.1 of the online Appendix.

12What happens up to the point where savings predictions in period
1 (with and without the constraint) coincide? Technically, in period
1, we need to calculate expected savings s, (but these depend on
realized y;, optimal s;, and expected y,). Depending on the presence
of the constraint, these expected savings can or cannot be negative.
At the point where expected period 2 savings become identical with
and without the constraint, optimal period 1 savings coincide. Thus,
for the expected period 2 savings where the constraint is binding, the
individual needs to compensate by saving more in period 1 compared
to the unconstrained model.

3In our high variance income treatment, if we increased the mean-
preserving spread further, it would result in a violation of the natural
borrowing constraints explained at the end of this section (the solution
would predict more borrowing than allowed by the constraint).

4The constant of 0.77 in the utility function only scales the payoffs and
does not affect the solutions.

1>The online Appendix contains the experimental instructions (Sec-
tion B.1), the graph and table (Section B.2), the control questions
(Section B.3), and example screenshots (Section B.4).

16We could have also shifted the income range in period 1 by the mean
period 1 savings of the same treatment (which would have resulted in
the same comparative statics predictions shown in Table 1, only with
different levels). See Section A.3 in the online Appendix for details.

17In Table A.6 of the online Appendix, we also report tests of Hypotheses
4-7, separately for income/wealth levels where either borrowing or
saving is predicted. All differences between HIGH and Low have the
predicted sign (in period 2 in CON, no savings are predicted); they are
only significantly different from zero in the savings range but not in the
borrowing range. This finding is consistent with debt aversion. (Note
that in this comparison, the thresholds that divide the income/wealth
range into savings/borrowing range are different between treatments.)

8The difference in means test of H3c has the predicted sign but is
not significantly different from zero; thus, our result is inconclusive.
We note that this result may be sensitive to whether we extend the
prediction for period 2 savings in UNCLOW to the wealth range or stick
with the income range. As observed oversaving in period 1 of UNCLOW
is low (see Table 4), this might have affected the relevant wealth range
in period 2.

19 Oversaving, especially for potentially liquidity-constrained individuals,
might not seem plausible at first sight. However, according to Sahadi
(2015), many US taxpayers overpay taxes throughout the year (thus

giving the government an interest-free loan). This results in about 80%
of taxpayers receiving refunds (with a mean refund of about $2800 in
2020, see Internal Revenue Service 2020).

20We report tests for order effects in Table A.7 of the online Appendix.
We do not observe strong evidence of order effects: The differences
between period 1 savings in UNCHIGH are only significant at the 10%
level, and the difference in period 2 savings in UNCHIGH, even though
significant at the 5% level, might be driven by previous oversaving in
period 1.

ZlUnder the assumption that subjects choose randomly from the interval
of allowed savings values (those between the natural savings and
the natural borrowing constraints), expected savings functions are
described by the midpoint within the allowed interval and are as

follows: In the UNC treatments s¥(y;) = i(yl = Ymin) and s¥(w,) =

% (Wy = Ymin)> and in the CON treatments: sf(yl) = % (1 = Ymin) and
1

SR (w,) = 5 Wy =1).

221n that case, the savings function in period 1 is: s; = (2y; — E;—1y, —
[E,—1y3)/3 and the savings function in period 2is: 5, = (w, — E,—,¥3)/2.
Since expected income is 70 and the same in all treatments, we have
sf”(yl) = g(yl — 70) for both treatments and sé“(wz) = %(wz —70) for

%(w2 —70) if w, > 70

UNC and st (w,) = {0 for CON.

otherwise

“1In that case, the savings function for period 1 is: s2(y;) = %(}71 -

Eim1yn) = %(yl — 70) for both treatments. Under this heuristic, there
is no need to borrow or save in period 2.

24We test for treatment differences between UNC and CON using two-
sided t-tests (clustered at the subject level) of absolute and shares of
optimal. Absolute losses (p = 0.060) and shares of optimal (p = 0.061)
of Low are significantly different from zero at the 10% level; in HIGH,
the differences are not significant (both p = 0.221).

2 Such heterogeneity can also be found outside the lab. An enormous
dispersion of wealth and savings, even among US households with
similar socioeconomic characteristics, has been reported by Venti and
Wise (1998) with data from the Health and Retirement Survey.

26The idea of threshold estimations is that they specify that individual
observations can be divided into classes based on the value of an
observed variable (Hansen 1999). This allows for the fact that, in our
case, the savings predictions in the CON treatments have different
slopes, depending on the wealth realization. We use the Stata package
xthreg for panel regressions (due to Wang 2015; the article also gives
an introduction to threshold panel regressions).

?’The nonlinearity of the predictions is negligible, and the linear
approximations provide a very good fit with R? > 0.99 in both the HIGH
and Low treatment.

28We also compare the coefficients before and after the threshold in the
CoN treatments. The coefficients after the threshold are significantly
larger than the ones before the threshold in both treatments (p = 0.001
in CONHIGH; p = 0.0018 in CONLOW).

2Table A.8 in the online Appendix shows estimated savings functions
for period 2 savings in the CON treatments, separately for the region
before and after the theoretical threshold. We can observe the following:
before the threshold, the coefficients on wealth are smaller than in the
threshold panel regressions in Table 7 (though significantly different
from zero). The intercepts before the threshold are not significantly
different from zero. After the threshold, the coefficients on wealth
are larger than the ones in Table 7. The coefficient in CONHIGH is
significantly larger than the prediction, and the intercept is larger
than predicted.

30To complement the results in Table 7, we also show Tobit regressions
for all periods and treatments (but period 2 in the CON treatments) in
Table A.9 in the online Appendix to account for the observations on
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the natural savings constraints. The results shown are not qualitatively
different from those reported in Table 7.

31 Here, again, binary optimal for period 2 decisions is conditionally binary
optimal as period 2 decisions also depend on the previous period’s
savings decision.

321n contrast to the previous figures, we do not show the whole wealth
range in Figure 6e,f. As savings decisions are very dispersed outside
the income range, many point estimates for the frequency of binary
optimal decisions and confidence intervals in those ranges only display
one observation and are thus either 0 or 1. Extending the figures to
the complete wealth range makes them less informative. (Note that the
fitted lines use the observations outside the income range. However, it
does not change the fitted lines qualitatively if we base them only on
the observations in the income range.)

3See Lee and Lemieux (2010) for an introduction to this quasi-
experimental econometric method.

34In the first period, income is completely random across the whole
income range; in the second period, subjects, due to their savings from
the first period, can partly affect whether they are in the borrowing
or the saving range. Note that it is not necessary for subjects to
know the cutoff where they should switch from borrowing to saving
(and we do not inform them about this cutoff) to apply a regression
discontinuity analysis. For example, Hoekstra (2009) examines the
effect of attending a flagship state university on future earnings. He uses
applicants’ SAT scores as the running variable, and the required SAT
score to be accepted (i.e., the cutoff) was set according to an admission
rule. This rule was not publicly known, and the cutoff score changed
(moderately) over time.

3With our approach, we are on the conservative side. Higher-order
polynomials estimate greater differences than linear regressions. (See
Gelman and Imbens 2019 for arguments against using higher-order
polynomials.)

36 We consider the RMSE an ideal measure to compare observed behavior
and model predictions as it ignores the direction of the deviation and
punishes deviations disproportionately, which is adequate given the
concave utility function. However, we also present results using other
verification measures in the online Appendix: Table A.10 reports mean
absolute errors (in contrast to the RMSE, mean absolute errors punish
deviations proportionately), Table A.11 shows mean errors (mean errors
consider the individual deviation’s direction but averaging them can
cancel out positive and negative deviations; punishment is propor-
tional), and Table A.12 reports a bias measure (which compares the
average prediction magnitude with the average observed magnitude).
Generally, these comparisons also prefer more constrained models,
confirming the results from the RMSE comparisons.

¥This seems a reasonable assumption. The estimated linear savings
functions in Figures 4 and 5 show that, in the aggregate, deviations from
optimal savings in the borrowing range increase with the distance from
the savings range.

3 Notice that the denominator on the right-hand side of Equation (13),

st* 7 s negative by definition.

3 Table A.13 in the online Appendix summarizes subjects’ characteristics
and Table A.14 in the online Appendix displays a correlation matrix of
the variables. The sample is close to being gender-balanced. Subjects’
CRT scores are more dispersed than their GPAs. Almost all subjects
solved the ToH task using only a few moves (33 out of 140 subjects
solved the task in seven moves, 23 in eight, and 24 in nine moves).
We use the binary lottery task to derive two risk-aversion measures:
strict and proxy. Strict risk aversion is gauged by the number of less
risky choices made by a subject and excludes 36 subjects who switched
choices more than once or initially chose a risky option. Proxy risk
aversion is measured similarly but includes all subjects, regardless of
the number of choice switches or whether they started with a risky
choice. Figures A.6-A.7 in the online Appendix show histograms of
subjects’ strict and proxy risk aversion. Both distributions closely align,

and the average measures, with a mean and median of around 6, suggest
mild risk aversion among subjects.

40Table A.15 in the online Appendix shows the same regressions as
Table 11 for period 2 deviations (conditional on s; and y,). The
results confirm our findings for period 1 (the risk-aversion coefficients
are at least significant at the 10% level in all specifications). Tables
A.16 and A.17 in the online Appendix show regressions that use
proxy risk aversion instead of strict risk aversion. All risk-aversion
coefficients have a positive sign, though many observations are needed
for significance in these regressions.

4l Allen and Carroll (2001) simulate learning in the buffer stock savings
model using a linear approximation of a nonlinear consumption
function and find that learning takes roughly a million simulation
periods. In contrast, our subjects learn quickly.

42Several empirical studies report that the buffer stock savings model has
problems in explaining savings behavior (e.g., Jappelli et al. 2008 and
Fulford 2015). In contrast to Fulford (2015), higher income uncertainty
increases savings.
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