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Abstract: Experimental choice data from 881 subjects basetDdime-tradeoff items and 32
risky choice items reveal that most subjects ane-inconsistent and most violate the axioms of
expected utility theory. These inconsistenciesioaibe explained by well-known theories of
behavioral inconsistency, such as hyperbolic distog and cumulative prospect theory.
Aggregating expected payoffs and the risk assatmatth each subjects’ 72 choice items, the
statistical links between inconsistency and toglgbfs are reported. Time-inconsistent subjects
and those who violate expected utility theory bedinn substantially higher expected payoffs,
and these positive associations survive largelymimished when included together in total
payoff regressions. Consistent subjects earn |tlnaer average payoffs because most of them
are consistently impatient or consistently riskraee Positive payoffs from inconsistency
cannot, however, be fully explained by greater t&ding. Controlling for the total risk of each
subject’s risk choices as well as for socio-ecomodifferences among subjects, time-
inconsistent subjects earn significantly more momegtatistical and economic terms. So do
expected utility violators. Positive returns taansistency extend outside the domain in which
inconsistencies occurs, with time-inconsistent eciisj earning more on risky choice items, and
expected utility violators earning more on timedeaff items. The results seem to call into
guestion whether axioms of internal consistency—aaldtions of these axioms that behavioral
economists frequently focus on—are economicallgvaht criteria for evaluating the quality of
decision making in human populations.



I ntroduction

Given growing theoretical, empirical and policehatures dealing with time-inconsistency, one
could be forgiven for assuming—incorrectly—thatrthexists abundant evidence documenting
significant economic costs that result from timeansistent choices. This lack of evidence is the
subject of this paper, which presents experimastllts showing the opposite: time-
inconsistent subjects in laboratory experimenta sanificantly higher total payoffs. This, of
course, does not prove that time-inconsistent geapd generally better off, or that myopic
decision making is not a genuine problem in paldicsettings. Rather, this finding adds to a
little known but important, and growing, collectiohempirical results that pose a deep
methodological challenge to what is perhaps theidamn research program in behavioral
economics documenting deviations from axiomatioratlity (e.g., intransitivity, non-Nash

play, violations of expected utility theory, andhrBayesian behaviof).

! Although we are aware of no directly relevant emitkeabout time-inconsistency and total payoffs;ethe some
related evidence, none of which points conclusiuelhe direction of a positive correlation betweemsistency
and payoffs. Burks, Carpenter, Gotte and Rusti¢Bi®08) report that trainees learning to becornekdrivers
who have lower than average cognitive skills areenliely to lose money on their investment in traning
program by leaving the trucking program before tging their out-of-pocket costs of the training gnam.
Similarly, Benjamin, Brown and Shapiro (2006) fiadnodest negative association between cognitivis skid the
occurrence of preference anomalies, although eggphigh-skill individuals frequently exhibit anofies.
Jacobson and Petrie (forthcoming) find zero pasendorrelation between time-inconsistency on erpantal time-
preference elicitation instruments (exhibited by®béf 181 subjects) and financial decision makinthi field, and
zero correlation between risk-aversion instrumants real-world financial decision making. Puttingether time-
inconsistency and risk-preference measures, theyrtran interaction effect suggesting a slight éase in time-
inconsistent subjects’ rate of using informal fin@hinstruments, which these authors interpret asstake,
although no real cost differentials are reportddhraf, Karlan and Yin (2006) combine experimeatad field
evidence suggesting that time-inconsistent bantomers are self-aware of the potential pitfallsnopulsivity and
disproportionately choose to adopt new bank pradiet offer identical interest rates but addedro@ment
devices which voluntarily shrink those savers’ ceagets. This suggests that even significant ntsrdfegpeople
who are inconsistent in the lab are sophisticategcognizing the vulnerabilities these inconsisiien may cause
and preemptively deploying successful strategiegediat accumulating greater wealth. Chu and C88Q)land
Cherry, Crocker and Shogren (2003) report thatesubjwho are paid to avoid inconsistent choiceskdypiearn to
be consistent. List and Millimet (2004) show thabjects in the field vary significantly in termSomnsistency of
choice patterns, and that market experience redbhegsobability of inconsistent patterns of chaigthout
showing, however, that inconsistency leads to redulevels of economic performance.
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Ask a behavioral economist what we learn from be&raveconomics in applied work aimed at
educating the public or designing institutions, &od will likely hear calls to help error-prone,
biased, or irrational humans overcome the systerpathologies built into their brains (e.g.,
Ariely’s Predictably Irrational 2008, or Sunstein and ThaleNsidge 2008). And yet, very

little evidence exists linking violations of axioti@rationality to high-stakes differences in real
people’s lives, such as earnings, physical helifidspan, and happiness. In the normative
behavioral economics literature (Camerer et al32@Donoghue and Rabin, 2003; Berg, 2003;
Loewenstein et al, 2007; Bernheim and Rangel, éorthing) which sometimes articulates a need
to educate and make policy aimed at “de-biasindividuals (Jolls and Sunstein, 2006), there is
ample grounds for concern that prescriptive adiEsed on behavioral economics takes as its
goal to enforce internal consistency, includingfoomity with transitivity, the Savage axioms,

Bayes Rule, and—yes—time consisteficy.

This paper shows, however, that experimental stgjelo violate time-consistency and make
choices over risky gambles that cannot be ratinadlivith any expected-utility objective
function wind up earning higher expected payofferacontrolling for risk, demographic
variables such as household income, and succest@ol. The results imply that decision-
making processes which violate consistency mayesasther, often unrecognized, benefits. The

results also suggest that economists’ normativéys@s may be referencing the wrong

% Hubal et al (2007) suggest that behavioral biasése tradition of Kahneman and Tversky can beluee
understand recent intelligence failures in the depdo the Irag War and propose to use the behaviiases and
anomalies literature to re-design US intelligenokgy. Even the most sympathetic to the insighésuged from
psychology, however, may feel that simpler strategiplanations provide more precision and parsin{ety.,
following accounts in the popular press, whichibittie false information used as a rationale foritivasion of Iraq
to dishonesty in the executive branch and manifulaif classified information).
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normative benchmarks if, as behavioral economi$&nalaim, the goal is to add more empirical

realism and real-world relevance to economic s@enc

Insofar as behavioral economics stands on thegitreri empirical realism and real-world
relevance, a clear methodological priority wouldrsgo be collecting evidence that provides
empirical tests of whether standard decision-thenexioms of self-consistency provide
relevant normative benchmarks. After all, when takes behavioral economics’ stated priority
of empirical realism seriously, it suggests a mnebded follow-up question: If individuals do
not conform to standard normative criteria foun@xomatic definitions of rationality, what

then is the price?

Consider this real-world datum frequently obserakxmhg highways throughout the U.S.—
billboards advertising “Vasectomy Reversal.” Acaogito the National Institutes of Health
(NIH), approximately 500,000 men in the U.S. undeagrzasectomy each year, and nearly 10%
of them later decide to undergo a vasectomy rekek&asectomy reversal costs between $5000
and $15,000, and it is an elective procedure ne¢reml by most insurance plans, implying that
the most men who choose to undergo the procedyréuppgrice, either in lump sum or over
time with financing. From the perspective of thdl hypothesis of perfect time consistency, one
may ask how a sequential path of surgeries congisfi vasectomy at time &and vasectomy
reversal ati(t; < t;) might be rationalized as maximization of a stgiykference ordering

applying a single, time-consistent discount ratg exponential discounting.



Such a rationalization would seem to require twoeahat unlikely cost-benefit calculations.
For a present-oriented and time-consistent mannthal vasectomy would pass the cost-benefit
calculus based mostly on anticipated short-runglofvincreased sexual pleasure without
worrying about birth control (which seems a liketptivation). The decision to undergo the
reversal would have to also pass a cost-benefibgsed primarily on the short-run benefits of
fatherhood (which seems unlikely, or at least irststent with much that has been written on
long-run motivations for procreation in terms ohgepropagationj. On the other hand for a
very patient future-oriented and time-consistenhtiae initial vasectomy decision’s benefits
would be weighted toward flows of increased sexlhsure arriving in the future, while
realizing that this flow will stop or be reduced thie date of the vasectomy reversal. This does
not strike us as a plausible account of the detigrocess leading to the observed sequence of

choices.

There are doubtless other possible time-consiséionalizations for choosing two surgeries,
the second of which reverses the effect of thé. ficklowever, the prediction of any such theory is
that, at the time of choosing the first surgerg, ¢thooser considers it possible, or even likely,
that he will elect to have the reversal at a ldege. While we have no direct survey data on this
point, doctors who offer vasectomies routinely waatients that the procedure is permanent.
According to the National Institute of Health (200&versing the vasectomy is “difficult,
expensive, and often unsuccessful.” Thus, a margiponious explanation for the choice of

vasectomy reversal is simply a change of heart,sha change in preferences—where time

% Although some people may draw substantial shartutility from parenting toddlers and teenagerseeech at the
intersection of economics and evolutionary bioleguld seem to suggest that far-off future benddivé, perhaps
extending beyond the parent’s lifetime, are thetrsmmificant motivators for producing children.
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preferences shift from placing more weight on thersrun to more weight on future flows of

benefits.

If men choosing vasectomy reversals are time-instem®, then so what? Do these deviations
from consistency cause systematic economic harnewdld caution anyone eager to label
purchasers of vasectomy reversals as “irratioredt these men are, after all, financially well-off
enough to afford the surgery. They have suffic@ntsical health and leisure to invest time and
money in pursuing enhanced sexual pleasure (witlvoutying about birth control). Thus, one
would be hard-pressed to label them as econonligdési Their apparent time-inconsistency
allows a shift toward future-oriented prioritiea@ing significant weight on procreation, which
would likely receive positive evaluation accordiognany moral traditions as well as scientific
norms of evolutionary fitness in evolutionary bigyo We suspect, too, that many parents would
strongly approve of the transformation of theirladhild’s preferences—from large to small

discount rates.

Although further study of vasectomy patients ararttime preferences in the field would be
interesting to pursue, this paper turns to laboyatata to investigate an analogous tension
between two distinct normative measures that amisiee example of men who choose
vasectomy reversal—internal consistency on thehamel versus the level of payoffs

(unconditionally and conditioning on risk-takingdagemographic differences) on the other.

We present laboratory evidence using standard empetal instruments for eliciting time and

risk preferences that document a surprising p@si@urn on three distinct forms of



inconsistency, the most dramatic of which is thsifpge return on time-inconsistency. Expected
returns for 72 choices in a laboratory experiméftt{me-tradeoff and 32 risky choice items)
were tabulated together with the standard deviatdfaall risky choices under the assumption that
gambles across all risky choice items were uncatedl A variety of time-inconsistency
measures were computed, the simplest of whiclbiaay indicator for any subject whose
required compensation for waiting switched on pafrsme-tradeoff items with identical

payoffs, identical duration between arrivals of @&y switched, but different front-end delays.
The second form of inconsistency is a kind freglyssdocumented in experimental studies with
multiple risky choice items, where subjects’ chgicannot be rationalized as maximization of
any expected utility function (e.g., a strictlykdving choice in one pair of choice items, and
strictly risk-averse on others). The third formmfonsistency was measured by counting the
number of non-matching responses for a subseeddimple who were invited back to repeat
the same exact series of 72 choice items six madatés which we refer to as between-session
inconsistency. Unconditionally and conditional&pitrolling for risk-taking and a long vector

of demographic information), maximally consistembjgcts, on average, earned less money.

Positive returns on inconsistency appear to exbaydnd the choice domain in which they are
measured. For example, time-inconsistent subjeattenly earn more on time-tradeoff choice
items, they also earn more on risky choice problestis no time component. Similarly,

subjects with inconsistent responses to risk-pegiee measures (i.e., those whose choices
violate consistency axioms needed for an expedibty vepresentation of risk preferences) earn
more on time-trade-off choice items with no riskyece component. Overall, subjects who

violate time-consistency, violate expected utititgory, or make inconsistent choices on



identical choice problems when repeating them &ferdint days earn significantly higher

payoffs than subjects who are perfectly consistent.

Calls to use behavioral economics as a prescriptggs for institutional design, such as
O’Donoghue and Rabin’s (2003a, 2003b) suggestidax@otato chips and subsidize carrots, or
Thaler and colleague’s (Thaler and Behartzi , 200ler and Sunstein, 2008) focus on
changing defaults in savings plans, organ donatites, and the positioning of dessert on the
buffet line, naturally raise controversy. Whatreseclear, however, is the need for further
investigation into normative behavioral economit$xo directions—not only documenting
real-world deviations from received normative banakks, but also investigating whether the

normative measures we use are relevant to the egompooblems we face.

If individuals fail the normative axiom of time-csistency while succeeding by other normative
measures in a competitive American environment-eastl surviving and, perhaps, thriving—
then how is tension between decision-theoretic sahnternal consistency and other
compelling economic norms—Ilike how much money ocag-hto be resolved? (For example,
men who can afford a $5,000 to $15,000 electivgesyrmay be internally inconsistent but
economically well-off.) The dominant view in bel@nal economics is that the norms of
internal consistency are right and that human beha mistaken, even if those behaviors are
manifestly well-performing by other metrics. Aneahative view is that empirical normative
science should seek to describe the charactergdtipsod decision making and discard
theoretical constructs that do not describe whetessful decision makers actually do. Why

should we rely on commonly repeated folk reasomngconomics (with no empirical support)



that there exist competitive forces in market ecoies that punish people whose choices violate
internal consistency axioms (e.g., the money pumpght experiment as “proof” that
intransitive preferences cannot survive, even thaogjansitivities are probably widespread in

human populations)?

The biological literature provides positive theas/to why inconsistency can confer adaptive
benefits. Buchstaber and Langsam (1985) arguefthature tuned organisms optimally to any
particular environment, it would lead to severadisntage in the face of changing
environments, whereas less stringent satisficitegrpromote fitness by allowing for much more
flexible and faster adaptation to changing ecologie they are buffeted by occasional random
shocks (also see Schmidtz, 1995). There would $edra obvious extensions of this intuition to
human populations in contemporary environments rerbeing imaginative, entrepreneurial,
and creative—or just flexible enough to surviveitsometimes requires one to inconsistently
experiment, to change one’s mind, or to use corgpatific action rules rather than complete
and self-consistent orderings of the elements @isaction space. It should not stretch one’s
imagination too far to envision humans who enjog@tve benefits by sometimes changing the
weights they place on different factors out-compgethose who dogmatically conform to the

stricture of maximizing a time-separable utilitynfition with exponential weighting.

While there is clear tension between economicssital and neoclassical commitment to the
Libertarian principle of consumer sovereignty aegvirationales for interventions based on
behavioral economics’ re-discovery of human irnadility, there is another, more fundamental

cause for concern about these paternalistic ivéiat—even for writers like ourselves, who
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believe that neoclassical models of externalitres iaformation asymmetries already provide

very convincing rationales for government intervemto help market economies flourish.

The problem is this: the vast majority of studiksraing to have discovered irrationality take as
their benchmark axioms of internal consistencyycRslogist Ken Hammond (1996) lays out an
important distinction that is at the heart of thaper, contrasting two systems of evaluative
criteria aimed at saying what it means to make gteasions and how to measure whose
decision procedures are performing better. Asy®rex knows, the standard economic theory of
time-consistent inter-temporal choice does nottsay patient one should be, even though it is
obvious that greater patience leads to larger aatatians of wealth, all else equal. The inter-
temporal choice theory merely says that if | rardodars at timejtover y dollars at timetwith

X <y and i< t, then | should always rank x dollars at timever y dollars at time,as long as
the wait between the arrivals of those payoffs,clvhwe refer to as theppreciation intervalis
atleast as longzt+t, > t; — . According to this coherence norm, a person wiemds his

entire paycheck for a party on the day his payclaedkes is rational (i.e., time consistent) as
long as he remains equally impatient for the résislife—throwing parties that exhaust his
entire paycheck each time a paycheck arriveonlthe other hand, this highly impatient and
perhaps impulsive person moderates his impatienddeagins to save money, then the axiom of

time-consistency deems his behavior as irrational.

The intuitive lack of appeal in this kind of nornvat analysis seems obvious. Yet much of our

discipline proceeds as if on the basis of a firegyablished law of social science that people
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should maximize an additively separable objectivection with exponential discounting—or
otherwise go to hell after living an unhappy andletionarily disadvantaged life. The tension
here lies in the difference between coherence anégpondence—that is, between standard
economic norms of internal consistency and altereatvaluative criteria, such as how much
money is in one’s bank account, physical healtbph@ess, or the accuracy of one’s beliefs. In
contrast to coherence norms based on internalstensl, correspondence norms evaluate
decisions and inferences according to how well #reycalibrated to the environments in which
they are used (also referred to as ecologicalmality by Gigerenzer et. al., 1999, and Smith,
2003)—normative evaluations that measure conseggasfadecision procedure in terms of how
well-endowed decision makers are in terms of fieamicfitness, how healthy, how happy, and
how accurate. To perform well by these corresponod@éorms does not require internal

consistency at all.

In Hammond’s framework, decision makers can betiaity consistent, but completely
indebted, in miserable health, unhappy—and perhayst surprising, one’s beliefs can be
entirely self-consistent in the sense of conformim@ayes’ Rule and the definition of

conditional probability, and yet completely wrongpat everything one believes!

Section 2 describes the data and different empmessures of inconsistency used in this
investigation. Section 3 reports unconditional aadditional statistical links between different
forms of inconsistency and expected payoffs. $eatiincorporates measures of risk, and

Section 5 concludes with a discussion of how thpigaal findings can be interpreted.
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Section 2: Data

The data used in this study were collected fromdida2002, through the beginning of 2003 in
the Canadian cities of Calgary, Ottawa, Vancoudatifax, Toronto, and several rural locations.
The data analyzed here consist primarily of 40 {iradeoff choices and 32 risky choices (31 of
which were binary), together with demographic infation from post-experiment surveys. The
time-tradeoff data provide multiple measures oktineference from which individual-level
measures of time-inconsistency can be derived. riEkg choice data provide multiple measures
of risk preferences from which individual-level rseges of expected-utility violations (i.e., an
indicator marking inconsistencies that cannot bemalized as maximization of an expected

utility objective function).

Of the 881 subjects for whom these data were @elein initial sessions, 156 were invited
back, roughly six months after their initial sessipto make the same exact time-tradeoff and
risky choices a second time. Thus, in additiowithin-session time inconsistency and within-
session expected-utility violations that were meaddor all 881 subjects, a third type of
between-session inconsistency is available fomwiéed-back subsample of 156. For these
invited-back subjects, between-session inconsigtean be measured simply by counting the
number (ranging from 0 to 72) of time-tradeoff aigky choice items answered differently
between sessions. Most of the analysis below Exos relationships between the first two
within-session inconsistencies taken from theahixperimental sessions and each subject’s

total risk-taking and expected earnings. In arls¢etion, we analyze between-session
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inconsistencies and report its conditional effectatal payoffs controlling for the first two

forms of inconsistency.

Time Inconsistency

Table 1 outlines how the 40 binary time-tradeams are grouped into eight choice sequences
of five binary choices, where the binary choicesach choice sequence have fixed arrival dates
of payoffs (i.e., identical front-end delay and eggpation interval), the same time-1 payoff, and
contains binary choices that vary only by incregsizes of the time-2 payoff (i.e., monotonic
improvements in the net payoff for patience). rs&iTable 1 describes the general structure of
all 40 binary time-tradeoff items: subjects chobséveen option 1, which consists of a smaller
and sooner payoff x arriving at ersus option 2, which consists of a larger aterIpayoff y
arriving at & (x <y, §<tp). Thus, the appreciation interval js-tt; and the net payoff for
patience isy — X. To avoid confounding leveld arrcentages, we parameterize y in terms of
its implicit annualized rate of return (assumingaompounding), the solution mto

y = x(1+1)% =Y where tand t are measured in years. The early payoff x is atveagted to
subjects as a level, and the later payoff y is slated as a level, together with the implied

annual percentage returmand the absolute returny - Xx.

A choice sequence can be represented as a binagy that directly reveals an individual's time
preference, letting annualized percentage retymasige overy<r, < ... < pand recording the
jth binary choice, ¢ as 0 if the sooner and smaller (i.e., impatieagoff is chosen and 1 if the
later and larger (i.e., patient) payoff is chos@&his produces binary choice sequences of the

form GC,....C;y with the following property. The earlier in tlsequence (in which payoffs for
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patience are increasing in j) that the subject sbedhe patient option (i.e., the earlier in the
sequence that the first 1 appears), the more pdiahsubject is. For subjects whose
preferences are monotonically increasing in payaffsero can never follow a one, because that
would imply acceptance of ¥ x as compensation for waiting the appreciation watkb— ti,

but refusal of the larger net payoffiy- X+1 > Yy — % as compensation for waiting an identical
appreciation interval. Therefore, we say that sega S is morpatientthan sequence S’ iff,

when evaluated as integers, S > S'.

The experimenter-controlled appreciation intertsalh t, is fixed at one month in the first four
sequences and one year in sequences five throglgh &Vithin each of these sets of sequences
with fixed t— t;, the four sequences differ only by increasing tfiemmd delays, as shown at the
bottom of Table 1 and spelled out in full detaitle following list, where the five component
choices of each of the eight sequences is formddtbyg r range over the values 0.05, 0.20,
0.50, 1.00 and 2.00 :

S1: Do you prefer $65 today or $65(112) one month from today?

S2: Do you prefer $65 tomorrow or $65(1*¥2) one month and one day from today?

S3: Do you prefer $65 one month from today or $65(12) two months from today?

S4: Do you prefer $65 one year from today or $65(12) one month and one year from

today?

* The formula 65(1+r/12) is, of course, an approsioraof 65(1+r}"*2. The approximation is quite good for small r
and, in all cases, is slightly larger than the folarwith the fractional exponent. This approxiroatis commonly
used by finance industry professionals and provasisortcut by which subjects could verify (if thegnted to)

that the dollar payoffs did indeed correctly reflde annual rates of return printed in the bockibat subjects

used.
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S5: Do you prefer $65 today or $65(})4me year from today?

S6: Do you prefer $65 tomorrow or $65()4eme year and one day from today?

S7: Do you prefer $65 one month from today or $65fbne year and one month from
today?

S8: Do you prefer $65 one year from today or $66)bhe month and one year from

today.

Part c of Table 1 shows the sequence denoted estls® list above as it was presented to
subjects. Given the definition of “more patienfjgence” (which is a complete order over any
space of binary choice sequences elicited usingasing net payoffs for patience), the six
monotonic (out of 2232 possible) sequences are ordered from leaso$o patient as follows:

00000, 00001, 00011, 00111, 01111, 11311.

As Table 1 indicates, we can now define time iniaacy empirically, in the coarsest or most
inclusive sense, by an indicator variable thatslagsmatches among any two sequences with
the same appreciation intervaHt;. We say that a subjecttime-inconsistenif there is one or

more mismatching sequences among sequences 83 88d S4, or one or more mismatching

sequences among S5, S6, S7 and S8. This broadmaeddime-inconsistency can be refined in

*Monotonicity refers to time preferences that alweysk greater compensation for an equal or smbdareen-
arrival waiting duration over smaller compensafionan equal or larger between-arrival waiting diara A few
nonmonotonic responses were observed for eacteditfint arrival-date treatments, as is typical iradety of

preference elicitation techniques that do not inepo®notonicitya priori (Jacobson and Petiei, forthcoming).
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several ways. One way is to measure inconsistenage-month condition (i.e., one or more
inconsistencies among sequences S1, S2, S3 arsg & ately from inconsistency in one-year
condition (i.e., among S5, S6, S7 and S8). Werasord a count variable tallying instances of
time-inconsistency, which ranges from 0 to 6, sit@emaximum number of mismatches among
four sequences is 3 (the number of unique pairs fiee combinatoric formula, 4!/(2!2!), for 4
choose 2). In addition, we report data on thectima of time-inconsistency, which connects the
evidence reported here to a large theoretical argrecal literature on hyperbolic discounting
and temptation (Laibson, 1997; O'Donoghue and Rdl989; Coller, Harrison and Rutstréom,

2005).

In our framework, an individual istayperbolic discounteiff his or her sequences satisfy the
inequalities SK S2< S3< S4 and S5 S6< S7< S8, with at least one weak inequality holding
strictly—a definition that requires all instancddime-inconsistency to be shifts from less
patient to more patient as the front end delayseriokther into the future. Similarly, an
individual is ahypo-bolic discounteif he or she shifts in the opposite directionpfirpatient in
the short-run to impatient in the long-run: 82> S3> S4 and S% S6> S7> S8, with at least
one inequality holding strictly. Although hypertmoand hypo-bolic discounters are nonempty
subsets among the time-inconsistent, most timensistent subjects are shift in both directions
at least once, implying that they are neither 8y hyperbolic or hypo-bolic discounters. We
construct a count variable on thetnumber of hyperbolic minus hypo-bolic shifts tokdor

evidence of a systematic direction of time-incotesisy.
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Table 2 shows empirical distributions for the titnedeoff sequences S1 and S4 to examine one
among the six pairs of sequences in which instaoteémse-inconsistency can be observed.

Both S1 and S4 have a one month appreciation sy — t, = 1/12). In S1, the first arrival
date t is “today” (i.e., zero front-end delay). In SHeffirst arrival date is one year from today
(i.e., front-end delay of one year). Of 881 sutgeb79 are time-inconsistent based on these two
sequences only. Among time-inconsistent subjsbifts toward increasing patience are three to
four times more likely than shifts toward impatienwhich is the strongest evidence for
hyperbolic discounting in our data but does noviserwhen directions of shifts are pooled over
all six pairs. The next-to-last column shows thepgical distribution among subjects who are
consistent, revealing that the modal sequence oHmgeonsistent subject is maximally
impatient: 00000. Nearly 60 percent of consisgenifjects are in the impatient half of the

empirical distribution (00000, 00001 or 00011).

In contrast, the final column shows the empiridgatrébution from S4 among those who

switched, showing a startling difference in thdrthsition of destinations to where these subjects
switched compared to the choice sequences of ¢cens®ubjects. The modal destination choice
among time-inconsistent subjects is the maximadiygmt choice sequence 11111, chosen by

42.5 percent of the time-inconsistent subjects.

These very different distributions in the final t@olumns of Table 2 illustrate an interesting
challenge to normative interpretations of time-imgistency. If most time-consistent subjects are
consistently impatient, while time-inconsistentjeabs produce a time-preference distribution

that is on average more patient, then would anyeakly suggest intervening pedagogically

17



(e.g., teaching MBAs to be time-consistent) or wiittitutional change aimed at achieving
consistency? Table 2 shows one at least one chaideonment in which it would seem
reasonable to conjecture that time-inconsistenestdearn higher payoffs on average, after
transforming all cash flows to present value usemsonable market discount rates. Before we
pursue this empirical link between payoffs and iracy, we report detailed statistics for time-

inconsistency in one-month and one-year appreciati@rval conditions.

Table 3 tabulates aggregate numbers of time-insterdi choices between pairs of sequences in
the order in which they were implemented in theotabory. The number of subjects providing
inconsistent time-tradeoff sequences varies sutislignranging from 152 subjects whose S1
and S2 choice sequences are mismatched to 46T&sMjeose S7 and S8 choice sequences are
mismatched. Recall from Table 2 that even greaterbers of mismatched choice sequences
are observed among other pairs of sequences$d.@nd S4). Taking the union of all
individuals with one or more time-inconsistencieshie one-month treatments leads to 636
subjects recorded as ones using the one-monthtcamgpecific indicator TI_month. Taking

the union of all individuals with one or more midotaed sequences on one-year condition leads

to 614 subjects indicated by TI_year = 1.

Several observations from Table 3 are importanséming that time-inconsistency should not be
interpreted as random error (i.e., a tremble)stFihe number of inconsistent responses grows
substantially from S1 to S4, whereas they woulditiéormly distributed (or decreasing with
experience in models where learning is hypothesiaedduce inconsistency). In S5 through S8,

inconsistent responses once again grow substgntiafid the fact that the number of
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inconsistencies in the later one-year treatmerisS® is not significantly less than in earlier
one-month treatments (S1-S4) is yet another patitatrspeaks against the random error or
learning-reduces-inconsistency models. If learmedyced time inconsistency, then one would
expect to see fewer instances of it in the ladti@@ry time-tradeoff choices than the first 20, yet
we observe roughly equal numbers in the first astithalves of the time-tradeoff data. Another
piece of evidence against the random tremble eafitamis that we would expect many more
nonmonotonic sequences among the sequences tiattswdwitched to. If inconsistent choice
sequences were the result of random trembles, wédvexpect the fraction of all switched-to
sequences that are monotonic of only 5/31, whdaheasbserved fraction is approaching one:

more than 99 percent of all switches are switcha® fone monotonic sequence to another.

Table 4 reveals another surprising pattern reggrtime-inconsistency, which is its surprising
lack of overlap in one-month and one-year condgio@ounting the number of subjects in the
union of TI_month=1 or Tl_year=1 (i.e., those where/time-inconsistent in the one-month or
one-year treatments) reveals a total of 758 o88dftime-inconsistent subjects. Looking at the
cross-tabulation of TI_month and TI_year, whichwi@ounts on consistency and inconsistency
in one-month and one-year conditions, one findsdhhough 492 subjects were time-
inconsistent in both conditions and 123 were timaststent in both, a surprisingly large
number—266 subjects—were time-inconsistent in art@@ other sets of conditions, but not

both.

Table 5 presents empirical distributions for couariables that tally instances of different kinds

of time-inconsistent shifts. The first count vétain Table 5 tallies all forms of time-
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inconsistency, ranging from a minimum of zero (whozcurs when S1=S2=S3=S4 and
S5=S6=S7=S8) to a maximum of six (which occurs wB&nS2, S3 and S4 are all unequal, and
S5, S6, S7 and S8 are all unequal). With a maah@-inconsistency count of 2 and more than
140 individuals tallying four to six time-inconssicies, it is clear that the typical time-
inconsistent individual is time-inconsistent mdnart once. The columns of Table 5 labeled “1-
month” and “1-year” present empirical distributidhios analogously defined count variables
restricted to pairs in one-month (S1-S4) and ora-genditions (S5-S8), respectively, revealing
more than 50 individuals in each case (more th&nutque individuals: 53 + 59 — 6 = 106)
who were maximally time-inconsistent in one of ttve conditions. Although the link between
payoffs and inconsistency is documented below, @te here (since these groups are not
analyzed separately below) that subjects who werammally time-inconsistent in one-month
condition earned significantly higher payoffs (distéo follow); subjects who were maximally
time-inconsistent in one-year conditions earnediBa@antly higher payoffs; and pooled
together, of course, the 106 maximally time-incstesit subjects earned higher-than-average
payoffs. These bivariate correlations indicate tha scope of beneficial time-inconsistency

goes well beyond switching once or twice in thediion of increased patience.

As defined earlier, hyperbolic discounting referatparticular form of time-inconsistency in
which the compensation required for waiting (a dixappreciation interval in order to receive a
larger payoff) decreases, the further forward thefuture the waiting begins. Hyperbolic
discounting occurs, for example, when a return086%r more is required to induce waiting one
year versus receiving the first payoff today, boityd or 20% is required to induce waiting one

year from tomorrow versus receiving the sooner fiagmorrow. In both cases, the wait is

20



precisely one year, but it matters to many peopletter that wait begins sooner rather than

later.

Counts on hyperbolic and hypo-bolic shifts showrderesting pattern. Although slightly more
hyperbolic shifts were observed in the one-morghatment, slightly more hypo-bolic shifts were
observed in the one-year treatment. Thus, no dieactional pattern of time-inconsistent shifts

emerges from these data.

The three columns under the heading “NetHYP_coaatint the number of hyperbolic shifts
minus hypo-bolic shifts. The high frequency of jggbs who shift in opposite directions at least
once can be seen by comparing corresponding columstesr NetHYP_count and HYP_count
and HYPO_count, respectively. For example, tharool under the heading “HYPO_count”
shows that 5 subjects have 4 hypo-bolic shifts,re&® under the heading NetHYP__count one
finds only 2 subjects that have a net count of.e4,(4 hypo-bolic shifts). The apparent
discrepancy reflects the fact that 3 among thebfests (who made 4 hypo-bolic shifts) also
made one or two hyperbolic shifts as well, whichraed their NetHYPcount values from -4
toward zero. The final two columns of Table 5 e@wpants on two indicator variables that mark
subjects who make one or more shifts in the sameetthn and no shifts in the opposite
direction. Of the 778 time-inconsistent subjeotdy 211 are pure hyperbolic shifters and 144
are pure hypo-bolic shifters, which leaves 403 esciisjwho shift in opposite directions at least

once.
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Despite intense interest in hyperbolic discountmgome literatures, these experimental data
provide no empirical support for hyperbolic discbng as a general explanation for observed
time-inconsistency. Figure 1 shows three empiicstiributions over subjects’ counts of
hyperbolic shifts minus the number of hypo-bolidtsh— NetHYPcount. These distributions
appear to be centered at zero and rather symmietriak three cases. If the hyperbolic
discounting model were the mechanism behind tinsefisistency, then we would expect these

distributions to be substantially shifted to thghtiof zero.

One can examine whether the choice items with nptior same-day payoffs drive most
instances of time-inconsistency, and whether thetyolic discounting theory enjoys more
empirical support after eliminating these pairsrfroonsideration when counting instances of
time-inconsistency. Table 5B show that the dataaticsupport this interpretation—that time-
inconsistencies are mostly generated by same-dageciiems or that, after removing same-day-
payoff choice items, most time-inconsistency caexaained as hyperbolic shifts. Eliminating
same-day-payoff choice items from consideratiomgases the number of time-consistent
subjects by only 23, from 123 to 146. And removpg's of choice sequences with same-day-

payoffs increases the number of pure hyperbolicadisters by only 28, from 211 to 239.

Risky Choice Data

This subsection describes how inconsistency wipeet to expected-utility theory was
measured. Subjects were asked to make 31 chaxtesdn pairs of gambles (one of which was
often a sure thing), and one choice among six gesnbl'wo widely used experimental

instruments for measuring risk-aversion (Holt-La(yx) and Eckel-Grossman (xxx)) were
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among these, as well as an ambiguity aversionum&nt consisting of choices over gambles

with unknown probabilities.

Two of the risky choice items were mean-preserginiggads often used to categorize subjects as
strictly risk-averse versus weakly risk-loving. choss-tabulation of these choices is shown in
Table 6. In choice 1, subjects choose betweerf@6fure versus $120 with probability 5/10
and $0 otherwise. In choice 2, subjects choosedet $60 for sure versus $80 with probability
5/10 and $40 otherwise. The 409 + 53 = 462 subjadhe off-diagonal cells appear to switch
from risk-averse to risk-loving (or the reverseyl@annot be rationalized as having maximized
an expected utility objective unless it is perfecisk neutral. Other risky choice items gave
subjects an opportunity to more sharply reveal mesltrality (by providing risk-neutral
responses on the Holt-Laury and Eckel-Grossmarum&nts). But only 37 of the 462 off-
diagonal subjects in Table 6 are risk-neutral @nHlolt-Laury instrument, and only 25 are risk-
neutral on both Holt-Laury and Eckel-Grossman.oinfal data collection on this pair of
gambles from hundreds of our students reveal tlaatyrpeople, often a majority, choose
inconsistently on these gambles (from the pointi@v of expected utility theory), and justify
these choices, not in terms of risk neutrality, lypexpressing a strong preference in favor of
risk-taking on choice 2 and against risk-takinghwice 1. We feel that this is not necessarily
crazy or irrational behavior, although it surehaisiolation of expected utility theory (see Rabin
(2000) for more examples of reasonable prefereimcesky choice that admit no expected-

utility representation).
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The risky choice data provide additional opportesifor subjects to step outside the expected-
utility preference model, as documented in Tabld e two choice items from Table 6 indicate
(conservatively) 422 EU violators. Combining thesth the Eckel-Grossman measure raises

the tally of EU violators to 496.

Another 79 subjects violated a basic monotonicigpprty implied by expected utility theory.
These subjects preferred the gamble G (payoff H pibbability p and payoff L with

probability 1-p) over the sure thing S, but rankeel higher-probability-of-winning G’ (payoff H
with probability p +€ and payoff L with probability 1 —p& 1-p>¢€>0) as inferiorto S. A
similar nonmonotonicity can be seen in the chomidrom 16 ambiguity aversion items, which
take the form: Gamble A (60 to 90% chance at wigi§iB0) versus Gamble B ($s cash today),
where s ranges from $18 to $48 in increasing $&&ments. If a subject were maximizing an
expected-utility objective function with any pridistribution on the probability of winning, then
monotonicity would require that, if B with suretlyi payoff s is preferred over gamble A, then B
with sure-thing payoff s+2 should also be prefewwedr A. There were 57 subjects in our
sample who violated monotonicity in this way. irekthe union of all EU-violation indicators

leads to 553 EU violators in the sample.

Section 3: Results on Inconsistency and Total Payoffs
This section reports unconditional and conditiaiierences in expected payoffs as a function

of different forms of inconsistency.

Payoff and Risk Measures
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Each subject’s total expected payoff was compuseidliows. The 40 time-tradeoff items were
assigned payoffs equal to the present value oestddjchoices (from the perspective of a
Canadian subject in 2002-2003) using a discounofadf 0.05° Risky choice items were
mapped into the expected value of each subjecticeh Ambiguous gambles of the form “60 to
90 percent chance at winning $50” were transladezkpected value using a uniform prior on the
chance at winning (expected chance of winning etyu@b percent). The variable we refer to as
“total expected payoff” is simply the sum of presealues and expected values across these 72

choice items.

Total risk was computed under the assumption af zerrelation among gambles in separate
choice items. The variance of each gamble was atedmnd summed before taking the square
root to produce a total standard deviation, whecthe total risk measure referred to in the

remainder of the paper. Time-tradeoff items ctwitied zero to total risk.

Payoffs and Inconsistency

Table 8 presents unconditional differences in texglected payoffs among time-inconsistent and
EU-violator subsamples, respectively. The leftéhare of Table 8 presents means and ranges
for total payoffs, total risk, and the sum of pdgain different subsets of the choice items: 1-
month appreciation interval, 1-year appreciatidenvel, all risky choices, the Eckel-Grossman

choice item alone, the 10 Holt-Laury items, fiveatrisky-choice items, and 16 ambiguity-

® According to the Bank of Canada’s Department ofiktary and Financial Analysis, rates on 91-daysuigas
varied between 2.25 and 3 percent from March, 2002ugh January, 2003. Commercial borrowing ratese
probably above 5 percent during this time, whenegsest rates on time deposits were probablytless 2 percent.
Thus, the appropriate discount rate for future ¢bsts is not precisely known. Fortunately, norighe cash flows
in our experimental items have a time horizon lartgan two years, and the reported differencesaioffs are not
even remotely sensitive to changes in the discaiatbetween 1 and 10 percent.
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aversion choice items. The empirical ranges arebf those ranges (reported in the left-hand
block of Table 8) are important for judging the eemic significance of the differences in

expected payoffs reported in the far right-handicol.

The right-hand block of Table 8 reports differenteiot levels of) mean payoffs for
inconsistent subjects relative to consistent subjelNotice that all these changes are positive,
indicating that inconsistent subjects in all subsétchoice items achieved higher expected
payoffs although these increases were not alwayststally significant. Below each change in
expected payoffs is the p-value associated withoasided unconditional t-test of equality of

means between the inconsistent and consistent gtigns.

The average time-inconsistent subject earns $218 than the average time-consistent subject.
And the average EU-violator earns $112 more tharatlerage non-EU-violator. Both
differences are statistically significant and, asditional effects from regressions reported
below show, these differences are independenthyfggnt even after adding controls for risk-
taking and demographic information including houddhncome. The size of these effects
should be judged as economically significant beeategether, they cover more than one fourth
of the entire total payoff range of $1,159 (maximpayoff minus minimum payoff =). One
observation from Table 8 that might explain why #blators earn higher payoffs is that they
take somewhat more risk, 21.5 additional standakeations on a range of size 201. However,
this is far from the entire story, as Table 8 akows that the average EU violator earns $93
more on time-tradeoff items and the average tingerisistent subject earns an extra $14 or $15

on risky choice items.
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Most of the gains from time-inconsistency show aphee $199 positive differential in payoffs

on time-tradeoff items, and most this differencenes from one-year appreciation interval items
where the gains from patience are largest. Beyloadaw earnings advantages among
inconsistent subjects, we want to underscore tiatnisistency in the risky-choice domain
appears to have positive predictive power for egsin the time domain, just as inconsistency
in the time domain has predictive power for earsimgthe risk-choice domain. This cross-
domain predictive power of inconsistency survivesagression analysis, suggesting an
interesting normative puzzle as to why inconsisgangght yield benefits both inside the domain

in which inconsistent choices are committed andhdy

Before turning to the payoff regressions, we warftrst consider the role of risk-taking as it is

conventionally measured. Figure 2 presents aespédt of total risk and total payoffs. Plotted

together, the northern-most points (i.e., convesute of the points) in the figure represent an

empirical risk-reward envelope across all subjechsices in the experiment. Points along this
empirical risk-reward envelope show the maximumagblschieved among subjects for each

level of risk or, equivalently, the minimum riskhaeved at each payoff level.

In Figure 2, perfectly consistent subjects (timesistent non-EU-violators) are plotted as
squares, and everyone else as dots. “Everyonkoelssists of subjects who are time-
inconsistent or EU-violators (or both). While teare some squares located along or near the
risk-reward envelope, most of them are deep inidenterior of the feasible risk-payoff choice

set. The reason is that most of the consistenestsbare consistently impatient and consistently
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risk-averse, implying lower present-value payoffisboth time-tradeoff and risky-choice items.
In contrast, while we observe some dots also locdéep in the interior (i.e., far from the
efficient envelope), most are clustered near theieft frontier. Thus, the scatterplot implies
that inconsistent subjects achieve more efficieamgording to this very standard risk-return
benchmark than consistent subjects do. A simdatterplot with the y-axis replaced by
expected payoffs on risky-choice items alone predwcsimilar result. Yet another statistical
test of this difference in efficiency can be congaliby fitting regressions of total payoffs (or
payoffs from risky-choice items alone) on a quadrat variance. Based on the data in the
figure, this quadratic regression line among caesissubjects lies strictly below that of
consistent subjects on the relevant range of veemmand this difference is statistically

significant.

Table 9 reports the main results regarding the itiondl effects of inconsistency on expected
payoffs, using three regression models of totaketgd payoffs as a function of time-
inconsistency and EU-violator status. Model 1 desti@tes that these different forms of
inconsistency have independent predictive powerthérmore, the effects of inconsistency on
payoffs retain nearly the full magnitude of thaspective unconditional effects, even after

allowing for correlation between the two inconsisties to absorb a portion of the other’s effect.

Model 2 in Table 9 adds total risk-taking to thgression, which hardly reduces the effect size
of time-inconsistency at all. After controllingrfask-taking, there remains a large effect size fo
EU-violator status as well—of $56, which is morarithalf the unconditional effect size

reported in Table 8. This means that EU-violatarisieve higher earnings, partly because they

28



take more risk, but also because of somethingte&ecorrelates with EU-inconsistency, which

is not correlated with time-inconsistency.

In Model 3 of Table 9, another 20 demographic angtesy-item variables are included as
controls (for age, gender, marital status, geograpbrsonal debt, household income, attitudes
toward school, and success in school). Model 3vstibat these positive, large-magnitude and
independently significant effects of inconsistenaypayoffs are robust to a variety of other
sources of interpersonal variation. Adding demphbr@acontrols makes the time-inconsistency
and risk-taking coefficients increase slightly, lelthe EU-violator coefficient declines slightly,
but remains large. Almost none of the time-incstesicy effect can be made to go away with
the inclusion of risk-taking and demographic infatran. A little more than half of the EU-
violator effect goes away with the inclusion of tofs. In no case does one form of
inconsistency appear to absorb much of the effeetaf the other, possibly suggesting distinct

mechanisms generating these two statistical links.

Between-Session Inconsistency

As mentioned earlier, 156 of 881 subjects retutodtie lab after six months, plus or minus a
few weeks. These 156 subjects repeated the samse &X choice items from the initial session.
Whereas all results reported until now are basetth@rfull sample of 881 using only information
collected from subjects’ initial sessions, we nawalgize within-person differences in responses

between sessions for the 156 repeat subjects.
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The primary measure of between-session inconsigtamtsidered here is a count of the number
of switches among 72 choice items. Although tlosnt of switches in each subject’s responses
ranges, in theory, from 0 to 72, its empirical rmg31 to 72, as shown in the histogram in
Figure 3. We attempt to use the information predithy this extensive variation among subjects
in the number of switches to estimate the conditi@ffect of between-session inconsistency on
payoffs, revealing two more surprising results. Tdtal payoff measure is computed just as

before, but this time using second-session chadte. d

Table 10 presents three regression models ofegfscted payoffs as a quadratic function of the
number of switches. In Models 1 through 4, thedttoonal mean payoff is first increasing and
then decreasing in the number of switches, indithtethe concave quadratic. We want to
calculate the ranges of the switch count varialér avhich expected payoffs are increasing and
decreasing. After fitting a quadratic conditionaan, it is straightforward to compute the
“optimal” number of switches as the number of shés that maximizes the conditional mean
expected payoff. Interestingly, the optimal numbkeswitches according to the quadratic
regression lines in Models 1, 2 and 3 are 56.8 &Ad 57.9, respectively--very near the sample
median of the switch count variable, which is 57Thus, in the first three models, the median

subject is optimally inconsistent between sessimra the point of view of expected payoffs.

According to Table 10, between-session inconsistena statistically significant predictor of
payoffs in Models 1, 2 and 3. In Model 2 with rislit not with other forms of inconsistency, the
number of switches remains correlated with payolfsModel 3, between-session inconsistency

retains its predictive power after controlling fone-inconsistency and inconsistency with
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respect to expected-utility theory. In Model 4wlewer, with risk and other inconsistency
controls included, the coefficients on betweenisessconsistency become statistically
insignificant. However, the magnitude of the effiscsometimes large, with the conditional
mean covering a range of more than $190 as the ewailswitches varies from 31 to 72 while
holding all other regressors constant. Perhapmtist important result from Table 10 is that,
after controlling for between-session inconsistefeyModels 3 and 4), time-inconsistency and

EU-violator status continue to function as robustdgctors of total payoffs.

Section 4: Conclusion

Inconsistency isn’'t always good, isn’t always bad

We have some evidence that impatience often lea€lsdnomic outcomes that seem not to be
desirable by objective evaluative criteria. Foample, students who choose partying now over
studying tend to get worse grades, drop out ofgi¢learn less income, get sick with a higher
likelihood, and die sooner. However, the norma&genomics of behavioral economics remains
stuck on internal consistency, rather than conseeieific measures of absolute performance
(e.g., test scores, graduation, earnings, incidehdesease, and lifespan). The standard
normative economics (also the normative perspedifyeerhaps most behavioral economists) is
fixated on consumer sovereignty. Who's to cric& student who values parties now over good
grades at the end of the semester? Who can quéstaing off more income later for more fun
in the present—that’s the essence of economic rAawal. people who eat bad food now and get
sick and die sooner than average are simply rengealipreference for immediate food pleasure

over extra years of life.
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Table 1: Construction of Time-Tradeoff Data

A single choice
a) Let C denote a binary choice between a soonerfpagsus a larger payoff (i.e., X ¢ versus y at,, with x <

yand { <t):
code choice C as:
c < sooner and smaller payoff: x arriving at ¢ 0
later and larger payoff: y arriving at t 1
Definition of a time-tradeoff sequence
b) Fix the sooner and smaller payoff at x dollars tredtwo arrival dates measured in yearand §. Then
parameterize the later and larger payoff y in teofrennualized rates of returny; = x(1 + Jr)“z'“), where f

ranges overyr,, ..., I;, to produce the following sequence of binary chsic
Choice 1 x arriving at { v. x(1 + ) Parriving at $, (code choice as,n {0, 1})

Choice 2 xarriving attv. x(1 + rz)(tz’tl) arriving at $, (code choice as,an {0, 1})

)(t2 -t)

Choice J xarrivingattv. x(1 + 1 arriving at §, (code choice as i {0, 1})

A realization of a single choice sequence can peesented as a 1xJ string of Os and 1€,C.C,.
Definition: The time-choice sequence S is mpagent than S'if S > S', evaluated as integers.

One of the eight choice sequences that subjects faced (denoted S5 bel ow)
¢) 5 binary choices (J=5), where the first optigagoff is x = 65, the first option's arrival dasetj = today, the
second option's arrival date jst one year from today, and the between-arrivahtiom t-t, = 1 year:

. ) 65 arriving today
Choice 1. <68.25 [5% more] arriving in one year
65 arriving today

Choice 2: 78 [20% more] arriving in one year

65 arriving today

Choice 3: 98.5 [50% more] arriving in one year

65 arriving today

Choice 4: 130 [100% more] arriving in one year

65 arriving today

Choice 5: 195 [200% more] arriving in one year

AL

The sequence of five choices is coded as a 1xtgstof Os and 1s:,C,C;C,Cs.
The following sequences are ordered from leastdstmpatient: 00000, 00001, 00011, 00111, 011111111

Eight arrival-date conditions for each subject, first, holding between-arrival waiting duration constant and

shifting arrival dates into the future for four conditions, and then repeating with between-arrival waiting duration

changed from 1 month to 1 year
d) Time-choice data in this study consist of eighticea@sequences of length five (40 binary choicestal), eact
with fixed x, and annualized rates of return: 5,20, 100 and 200 percent. Between-arrival waitingation, t2 -
t1, is 1 month for the first four sequence and hthdor the last four sequences:

arrival of
first payoff between-arrival waiting durations
ty t-t; = 1 month t-t; = 1 year
today S1 S5
tomorrow S2 S6
in 1 montt S& S7
in 1 year S4 S8

Definition of time inconsistency: one or more mismatches among S1, &2, S3 and $4, or one or more mismatches
among S5, S6, S7 and SB.




Table 2: Empirical Distributions* for a Pair of Gbe Sequences

Choice sequences: now versus one month Choice sequences: 12 months versus gmpirical distributions of consistent v. inconsistent
from now months from now #time-  #time- percentagepercentage
choice # choice # consistentinconsistent among the among the
sequences subjects sequences subjects subjects subjects** consistentinconsistent
00000 272 00000 171 109 62 36.1 10.7
00001 160 579 time inconsistent 00001 90 35 55 11.6 9.5
00011 213 <emmome- F-mmmmm- > 00011 173 63 110 20.9 19.0
00101 1
00110 1 00110 1 1 0.2
| 00111 74 00111 66 10 56 3.3 9.7
| 01011 1
| 01100 1
V 01111 58 01111 60 16 44 53 7.6
more 1001: 1
patient 10101 1 1 0.2
10111 1 10111 1 1 0.2
11000 1
11011 1 1 0.2
11100 1 1 0.2
11110 1 1 0.2
11111 97 11111 315 69 246 22.8 42.5
Total: 881 881 302 579 100.0 100.0

*Empirical distributions tabulate the number ofividuals who choose different sequences over Srpidecisions. The left-most
distribution is parameterized by arrival timesaday and one month from today. The second digtabunas arrival times of one year from
today and 13 months from today. In both casesfithebinary choices are defined by increasing melwdor waiting an extra month for the
later payoff, ranging from annual rates of retuf®,020, 50, 100 and 200 percent. The 302 subyelstschoose two identical sequences are
referred to as consistent (at least for this plghoice sequences). The 579 whose choice segudonasot match are referred to as
inconsistent. Empirical frequency and percentaggildutions for both subsamples are presenteddaight.

*Among consistent subjects, the empirical disttibos are by definition identical in both choice&sences. Among the inconsistent, the
distribution presented in the table shows choioeshie second sequence#$t12 months from today versyst 13 months from today)--in
other words, where subjects shifted to.



Table 3: Construction of Tl, an Indicator of Timmebnsistency (Unequal Choice
Sequences Over Evenly Spaced Cashflows with Difteé8¢arting Dates)

Tl =1if TI_month==1 or Tl_year==1, 0 otherwise.

In other words, Tl = 1if any of the following six pairs of choice sequences
involving time trade-offs (indicated by curving arrows) fails to match. By this
definition, 758 of 881 subjects are time inconsi stent.

Duration between arrivals of payoffsis one month

seguence sequence 2 sequence 3 sequence 4
Now v. Tomorrow v. 1month v. lyear v.
1 month lday+1month 2months lyear+1month
mismatching mismatching mismatching
choice choice choice
sequence? sequence? sequence?
\ 152 385 449 |
|

union of subjects with one or more mismatches =
T1_month, which includes 636 individuals

Duration between arrivals of payoffsisoneyear

seguence sequence 6 sequence 7 sequence 8

Now v. Tomorrow v. 1month v. lyear v.
1 year lday+1lyear 13 months 2 years

mismatching mismatching mismatching

choice choice choice
sequence? sequence? sequence?
\ 187 254 469 ]
|

union of subjects with one or more mismatches =
TI_year, which includes 614 individuals




Table 4: Cross-Tabulation of Time Inconsistenc{-klonth versu:
1-Year Between-Duration Treatments
1-year treatment

1-month treatment consistent inconsistent Total
consistent 123 122 255
inconsistent 144 492 636
Total 267 614 881




Table 5A: Frequency Distributions for Time Incomsiscy, Hyper- and Hypo-bolic Discounting

sample
frequency
-4
-3
-2
-1
0

a b~ wN B

6

all

123
164
245
206
97
40
6

Tl_count*
1-month 1-year

245
339
244
53

267
377
178
59

HYP_count*
all 1-month 1-year all
5
57
159
326
267 353 537 334
290 397 294
221 124 49
84 7 1
18
1

1
37
243
600

HYPO_count*
1-month 1-year

3
67
372
439

NetHYP_count** Pure***
allmonth 1-year HYPER HYPO
2

22 1 3

63 19 36

156 106 262 144
285 373 384 670 737
188 278 170 211
112 97 25

43 7 1

9

1

*The variable TI_count tallies the number of tinme@nsistencies (i.e., mismatching choice sequaligesated in Table 2) observed out
a possible six comparable pairs. HYP_count (HYR@NE begins from zero and adds "1" ("-1") evemydia subject shifts in the direction
of patience (impatience) as payoff arrival datesenoirther into the future holding between-arrivaditing duration fixed.

**Net_HYP_count is the sum of HYP_count and HYPQump tallying a net count on shifts toward patieatter allowing shifts in
opposite directions to cancel.
***Pure_HYP (Pure_HYPO) is an indicator = 1 if a&lst one shift toward patience (impatience) and gleifts toward impatience

(patience) were observed. These variables follendefinitions of hyperbolic and hypo-bolic disctng (allowing for no shifts in the

opposite direction) given in the text.



Table 5B: Frequency Distributions for Time Incotsiey, Hyper- and Hypo-bolic Discounting with Sabay-Payoff Choice Items

Removed*
sample Tl_count* HYP_count* HYPQO_count* NetHYP_count** Pure***
frequency all 1-month 1-year all 1-month 1-year all 1-month 1-year dlkmonth 1-year HYPER HYPO
-4 1 1
-3 24 17
-2 136 18 28 57 18 28
-1 335 238 353 169 104 250 168
0 146 270 314 314 392 592 385 625 500 295 404 417 642 713
1 211 388 411 319 418 264 204 284 161 239
2 266 223 156 194 71 25 94 71 25
3 218 49 39
4 40 5 5

*Table 5B is a modified version of Table 5A aftenroving counts of inconsistency from pairs of titreeleoff sequences with any options
to receive same-day payoffs. The data do not stiip®interpretation that time-inconsistenciesrastly generated by same-day choice
items or that, after removing same-day-payoff chaiems, most time-inconsistency can be explaisduyperbolic shifts. Eliminating
same-day-payoff choice items from consideratiomgases the number of time-consistent subjects lgy2&) from 123 to 146. And
removing those items increases the number of pgperholic discounters by only 28, from 211 to 239.

**Net_HYP_count is the sum of HYP_count and HYPQump tallying a net count on shifts toward patieatter allowing shifts in
opposite directions to cancel.

***Pure_HYP (Pure_HYPO) is an indicator = 1 if a&lst one shift toward patience (impatience) and gleifts toward impatience
(patience) were observed. These variables follendefinitions of hyperbolic and hypo-bolic disctng (allowing for no shifts in the
opposite direction) given in the text.



Figure 1: No Evidence for Hyperbolic DiscountingNiet
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Table 6: Conflicting* Choices among Two Mean-PreseJ Spreads

choice 1
A: B:
$60 for sure $120 with prob 5/10, $0
choice 2 otherwise Total
C: $60 for sure 359 53 412
D: $80_W|th prob 5/10, $40 409 60 469
otherwise
Total 768 113 881

*Because a risk-neutral agent is indifferent betwaAeand B, and indifferent between C and D,
the 409 + 53 = 462 subjects on the off-diagonds@ove are not necessarily violating expected
utility theory. However, of these 462 subjectdy@Y provide risk-neutral responses on the Holt-
Laury instrument measuring risk preferences, arig 2 provide responses on both Holt-Laury
and Eckel-Grossman that are consistent with riskrakty.



Table 7: Violations of Expected Utility Theory i Risky Choices

expected-utility violations # violators out of 881

RiskLoving&Averse in Two Mean-Preserving Spreads 46@22 if risk-neutral HL excluded)
Inconsistent responses on two binary choice itemslving mean-preserving spreads: sure-thing $60
v. $80 with probability 0.5 and $40 otherwise; aude-thing $60 v. $120 with probability 0.5 and 0
otherwise Inconsistency on these items do not violate EUrthaocase of risk-neutral preferences. In theadest, all-

inclusive indicator of non-EU behavior (the varaBAIll EU Violations" at the bottom of this listipconsistent responses
on these mean-preserving spreadsnatecounted if the same subject's responses to thelldaty items are perfectly risk

naitral

RiskLoving&Averse+EG 521 (496 if risk-neutral HL excluded)
Inconsistent responses among three items, inclyglegous two, and 6-gamble choice problem
(Eckel-Grossman) which includes one gamble thatrigean-preserving spread of another gamble.
An EU maximizer (who is not risk neutral) must aesuhese three items consistently.

Holt-Laury Nonmonotonic 79
10 binary choices between gambles with fixed payaffd probabilities of winning ranging from 0.10
through 1.00. Nonmonotonic responders have riskepences with no EU representation. The last
binary choice in the sequence is between two $ung-payoffs, $40 v $77, revealing 6 subjects who
apparently prefer $40 over $77.

Ambiguity Nonmonotonic 57
16 binary choices between an ambiguous gamble gpility of winning between 0.60 and 0.90) and
increasing sure-thing payoffs. EU maximizers veitty subjective probability of winning cannot have
nonmonotonic choice sequences.

Yes-to-Big/No-to-Low Risk 66
Choose gamble with EV=82.5 and sd=126 over 75uoe,sand choose 120 for sure over EV=140
sd=70. These subjects take 82.5-75 = 7.5 as caapen for bearing risk of sd=126 in the first
choice, but refuse an EV premium of 140-120 = 2Bdar risk of sd=70 in the second choice.

All EU Violations 553 (576 if we don't exclude HL risk-neutral)
Indicator = 1 for any of the above EU violationscept that the violators from the mean-preserving
spread items anaot counted for the 84 subjects with perfectly riskmalresponses to Holt Laury,
since inconsistency on choices over mean-presesgneads is consistent with risk neutrality.




Table 8: Increases in Expected Dollar Payoffs amidnge- and EU-Inconsistent Subjects

summary statisticsin levels among the unconditional difference in mean payoffs:
entire sample inconsistent versus consistent subsamples
payoff size of time-inconsistentEU-violators v.
measure min mean max range V. time-consistent non-violators
total payoff 3764.3 4573.8 4923.4 1159.1 A E[total payoff] 2135 112.3
p-value* 0.0000 0.0000
individualo  10.3 89.7 2115 201.3 Ao 4.7 22.5
p-value 0.2807 0.0000
time payoffs 2566.4 3246.9 3496.5 930.2 A time payoffs 199.0 93.1
p-value 0.0000 0.0000
‘l-month 1283.2 1329.2 1357.9 74.7 A 1-month payoffs 11.4 6.7
time payoff p-value 0.0000 0.0001
l-yeartime 1283.2 1917.7 2138.6 855.5 A l-year payoffs 187.5 86.4
payoff p-value 0.0000 0.0000
risky payoffs 1165.4 1326.9 1427.9 262.5 A risky payoffs 145 19.3
p-value 0.0162 0.0000
Eckel- 28.0 32.6 36.0 8.0 A Eckel Grossman 0.5 0.8
Grossman p-value 0.0325 0.0000
pavoff
Holt-Laury 370.4 459.1 491.9 1215 A Holt Laury 2.2 4.2
payoffs p-value 0.4373 0.0391
ambiguity  498.0 592.7 633.0 135.0 A Ambiguity 10.8 12.2
payoffs p-value 0.0036 0.0000
other 355.0 362.6 387.5 325 A Other Gambles 1.1 2.1
gambles p-value 0.2956 0.0038

*Unconditional t tests of the equality of means agnanconsistent versus consistent subpopulations
produced the p-values in this table.



Figure 2: The Risk-Reward Envelope (consistentextibjrepresented by squares, and time-
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Table 9: Regressions of expected payoffs on instersty, risk
taking, and other controls (N = 881)

Model 1 Model 2 Model 3

variables coeff tstat coeff tstat coeff tstat
TI 198.70 7.2 19650 7.5 19735 7.7
EU-violator 96.68 4.9 56.59 2.9 47.23 25
Individual o 1.79 8.5 1.93 9.2
Under 25 28.89 1.2
Female 15.52 0.8
Immigrant 0.00 0.1
Married -16.46 -0.8
Ontario -138.58 -3.3
British Columbia -69.67 -1.5
Nova Scotia -79.84 -1.8
Alberta -124.09 -2.7
Native Person -22.88 -04
Disabled 8.03 0.3
French Speaker -2295 -04
Burdened by Debt -20.62 -1.1
Sell Asset to Pay Debt -68.38 -2.4
Medium Household Income 48.80 2.2
High Household Income 9045 3.7
Not Working -41.58 -1.5
Completed High School -132.13 -2.6
Liked School -11.67 -0.5
Peers Liked School 46.07 2.2
Performed Well in School 57.07 3.0

Constant 4342.17 160.2 4208.89 138.2 4208.08 61.5
R squared 0.0636 0.1575 0.2285




Figure 3: Empirical distribution of between-sessswvitches in 72 time-tradeoff and risky choices
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Table 10: Regression of Second-Session* ExpectgdffRaas a Quadratic Function of the
Number of Between-Session Switches

Model 1 Model 2 Model 3 Model 4
variables coeff tstat coeff t stat coeff t stat coeff t stat
#switches 119.25 3.2 81.73 2.3 96.21 2.5 42.81 1.3
#switches2  -1.05 -3.1 -0.69 2.1 -0.83 2.4 -0.42 -1.3
Individual o 2.84 4.5 1.29 2.2
Tl 148.47 1.9 191.32 2.8
EU-violator 132.03 2.5 121.43 2.6

constant 1112.55 1.1 1846.73 1.9 1500.46 1.5 3154.22 3.5
#obs 156

*A subsample of 156 subjects was invited back sonths after their initial sessions to
exactly repeat the 72 decisions they had madeseailihe variable #switches counts the
number of switches, which in theory ranges from @2. The empirical range is 31 to 72.
The maximizers of the quadratic regression linedadels 1, 2 and 3 are 56.8, 59.5 and 57.9,
respectively, which is very near the sample medarh. The maximizer in Model 4 is 50.8.





