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In the absence of large income effects, a neoclassiodel of labor supply predicts a positive
wage elasticity of hours. However, Camerer etl#8197) collected data on the daily labor supply
of New York City cabdrivers, who unlike most worken modern economies are free to choose
their own hours, and found a strongly negativetigli#g of hours with respect to their closest
analog of a wage, realized earnings per hour. mear et al.’s dataset, realized earnings per
hour (which they call the “wage”) is uncorrelatenlass days but positively serially correlated
within a day, so that high earnings early in a sigyal higher earnings later that day, and a
neoclassical model predicts a positive elastioignethough realized earnings per hour is not
precisely a wage. If instead realized earningshper is serially uncorrelated within a day, as
Farber (2005) shows is roughly true in his datésst however our analysis in Section 11.3), then
a driver with high early earnings experiences allsthange in income but no change in expected
wage, and a neoclassical model predicts an elgstiear zero. A neoclassical model could only
explain Camerer et al.’s strongly negative elas¢igivia an implausibly large negative serial
correlation of realized earnings per hour.

To explain their results, Camerer et al. informglfgposed a model in which drivers have
daily income targets and work until the targeteiaahed, and so work less on days when earnings
per hour are high. Their explanation is in theispirDaniel Kahneman and Amos Tversky’s
(1979) and Tversky and Kahneman’s (1991) prosgedry, in which a person’s preferences
respond not only to income as usually assumedalbatto a reference point; and there is “loss
aversion” in that the person is more sensitivehtanges in income below the reference point
(“losses”) than changes above it (*gains”). If avdr’s reference point is a daily income target,
then loss aversion creates a kink that tends temeddized daily income bunch around the target,

so that hours have a negative elasticity with resggerealized earnings per hour.



Farber (2008, p. 1069) suggests that a findingl#tr supply is reference-dependent would
have significant policy implications:

“Evaluation of much government policy regarding &nd transfer programs depends on

having reliable estimates of the sensitivity ofdabupply to wage rates and income levels.

To the extent that individuals’ levels of labor plypare the result of optimization with

reference-dependent preferences, the usual estiofweage and income elasticities are

likely to be misleading.”

Although Camerer et al.’s analysis has inspiredralver of empirical studies of labor supply,
the literature has not yet converged on the extentich the evidence supports
reference-dependenteMuch also depends on reference-dependence’s sompstructure: If it
were limited to inexperienced workers or unantitaégachanges, its direct relevance to most
policy questions would be small, though it mighil siave indirect policy relevance via its
influence on the structure of labor relationshifisis paper seeks to shed additional light on these
issues, building on two recent developments: F&1§2005, 2008) empirical analyses of
cabdrivers’ labor supply and KR’s (2006; see al8d72 2009) theory of reference-dependent
preferences.

Farber (2005) collected and analyzed data on the lsupply decisions of a new set of New
York City cabdrivers. He found that, before cortng for driver fixed effects, the probability of
stopping work on a day is significantly relatedealized income that day, but that including
driver fixed effects and other relevant controisders this effect statistically insignificant.

Farber (2008) took his 2005 analysis a step furih&oducing a structural model based on

! KR (2006) and Farber (2008) survey some of theigeapliterature. Gerald S. Oettinger’s (1999)distudy found increased
daily participation by stadium vendors on days dricl the anticipated wage was higher, as suggéstéite neoclassical model,
and in seeming contrast to Camerer et al.’s findihg negative response of hours to (partly ung#ted) increases in wage.
Ernst Fehr and Lorenz Goette’s (2007) field experitrfound increased participation by bicycle megses but reduced effort, in
response to announced increases in their commisBimy argued that effort is a more accurate measiuabor supply and
concluded that the supply of effort is referencpetalent.



daily income targeting that goes beyond the inférewalanations in previous empirical work. He
then estimated a reduced form, treating driversdme targets as latent variables with
driver-specific means and driver-independent vaeaboth assumed constant across days of the
week—thus allowing the target to vary across daysfgiven driver, but only as a random effect.
Constancy across days of the week is violatedarstimple, where Thursdays’ through Sundays’
incomes are systematically higher than those adraflays, and the hypothesis that income is
constant across days of the week is strongly regeptvalue 0.0014, F-test with robust standard
errors). Farber included day-of-the-week dummidsisrmain specifications for the stopping
probability, but this turns out to be an imperfegbstitute for allowing the mean income target to
vary across days of the week.

Farber found that a sufficiently rich parametei@abf his targeting model fits better than a
neoclassical model, and that the probability opptog increases significantly and substantially
when the target is reached; but that his model@amconcile the increase in stopping probability
at the target with the smooth aggregate relatignsatween stopping probability and realized
income. Further, the estimated random effect irtdhget is large and significantly different from
zero, but with a large standard error, which led to conclude that the targets are too unstable to
yield a useful reference-dependent model of labpply (p. 1078):

“There is substantial inter-shift variation, howevaround the mean reference income
level.... To the extent that this represents dailyateon in the reference income level for a
particular driver, the predictive power of the refece income level for daily labor supply
would be quite limited.”

KR’s (2006) theory of reference-dependent prefezsngs more general than Farber’s (2008)

model in most respects, but takes a more spe@Bdipn on how targets are determined. In KR’s



theory applied to cabdrivers, a driver’s preferanedlect both the standard consumption utility
of income and leisure and reference-dependent “igasi utility, with their relative importance
tuned by a parameter. As in Farber’'s model, a dis/oss-averse; but he has a daily target for
hours as well as income, and working longer thanhiburs target is a loss, just as earning less
than the income target is. Finally, KR endogenieetargets by setting a driver’s targets equal to
his theoretical rational expectations of hours imedme, reflecting the belief that drivers in
steady state have learned to predict their digidha?

This paper uses Farber’s (2005, 2008) data to sedenthe reference-dependence of
cabdrivers’ labor supply, adapting his economettiategies to estimate models based on KR’s
(2006) theory. Section | introduces tmedel. Following KR, we allow for consumption asliwe
as gain-loss utility and hours as well as incomgets; but when we implement the model we
follow Farber (2008) in assuming that drivers ask-neutral in income.

To complete the specification, we must describe halsiver’s targets are determined and, for
some of our analysis, how he forms his expectatmasit earnings hour by hour during a day. In
an important departure from Farber’s approach,ollev KR in conceptualizing drivers’ targets
and expected earnings as rational expectationgpbsaimplicity we depart from KR in treating
them as point expectations rather than distribsti@ecause KR’s model has no errors, their
distributions are necessary for the existence wviatiens from expectations, without which their
model reduces to a neoclassical model. Our modeéhars and so has deviations even with
point expectations. We operationalize the targetsexpected earnings via natural sample

proxies with limited endogeneity problems as expgdibelow, for expected earnings assuming

2 In theory there can be multiple expectations #natconsistent with the individual’s optimal belmyiiven the expectations.
KR use arefinement, “preferred personal equilioritto focus on the self-confirming expectationattare best for the individual.
Most previous analyses have identified targets tithstatus quo; but as KR note, most of the advlailavidence does not
distinguish the status quo from expectations, whighusually close to the status quo. Even socawalysis shows that KR’s
rational-expectations view of the targets has suttiste implications for modeling cabdrivers’ latsupply. KR’s view of the
targets has also been tested and supported iratabpexperiments by Johannes Abeler et al. (2011).



for simplicity that earnings per hour are serialhcorrelated within a day (as well as across days).
This last simplification is motivated by Farber2)(5) finding, in a detailed econometric analysis
of his dataset, of only a weak and insignificatatienship, which led him to argue that hourly
earnings are so variable and unpredictable tha&dipting hours of work with a model that
assumes a fixed hourly wage rate during the day mateseem appropriate.” We note however
that Camerer et al. did find some within-day pr&abdity of earnings in their dataset. It also
seems plausible that drivers on the ground maybleeta predict their earnings better than even
the most careful econometrics. Given no serialetation and risk-neutrality in income, and
ignoring option value in the stopping decisionriael’s expected hourly earnings are equivalent
to a predetermined (though random) daily schedidiene-varying wages.

If the weight of gain-loss utility is small, our el mimics a neoclassical labor-supply model,
so that the elasticity of hours with respect toneags per hour is normally positive. If the weight
of gain-loss utility is large, perfectly anticipdtehanges in earnings per hour still have this
neoclassical implication because gain-loss utihign drops out of a driver’'s preferences.
However,unanticipated changes may then have non-neoclagsipatations. In particular, when
the income target has an important influence onveeds stopping decision, a driver who values
income but is “rational” in the reference-dependmaise of prospect theory will tend to have a
negative elasticity of hours with respect to eageiper hour, just as Camerer et al. found.

Section Il reports our econometric estimates. IctiSe 1.1 we estimate probit models of the
probability of stopping with an index function thatinear in cumulative shift hours and income

as in Farber (2005), but splitting the sample adiogrto whether a driver’'s earnings early in the

3 Farber (2008) modeled a driver’s stopping decisipestimating a daily latent income target andtioomtion value, assuming
that a driver stops working when his continuatiaiue falls below the cost of additional effort. tHgfined continuation value to
include option value; but if option value is trutgportant, his linear specification of continuatiealue is unlikely to be
appropriate. We simply assume that drivers’ denisignore option value, as Thierry Post et al. 8@ld, and as seems
behaviorally reasonable. Farber’s (2008) and @atinents of drivers’ decisions are both first-oqtexies for globally optimal
stopping conditions that depend on unobservableighareatments both yield coherent results, degpiir flaws.



day are higher or lower than his proxied expecatatid his “early earnings” criterion should be
approximately uncorrelated with errors in the stogmecision, limiting sample-selection bias.
To avoid confounding due to our operationalizabéthe targets being partly determined by the
variables they are used to explain, we proxy dsgveational point expectations of a day’s income
and hours, driver/day-of-the-week by driver/daytuod-week, by their sample averages up to but
not including the day in question.

In a neoclassical model, when earnings per hoseriglly uncorrelated within a day, it is
approximately irrelevant whether early earningswarexpectedly high or low, because this
affects a driver’'s income but not his expected iegsnlater in the day, and the income effect is
negligible. But in a reference-dependent modeh leigrly earnings make a driver more likely to
reach his income target before his hours targettlais has important consequences for behavior.
In our estimates drivers’ stopping probabilitieppan to be more strongly influenced by the
second target a driver reaches on a given daytth#me first. As a result, when early earniags
high, hours (but not income) has a strong and sogmit effect on the stopping probability, either
because the driver reaches his hours target oubedas marginal utility of leisure increases
enough to make additional work undesirable. Whely @arnings are low, this pattern is
reversed. Such a reversal is inconsistent with a neoclaksicalel, in which the targets are
irrelevant; but it is gracefully explained by agednce-dependent model. If preferences were
homogeneous, as Farber’s and our models assume;sistopping probabilities would either all
tend to be more strongly influenced by the firsg¢éd reached on a given day, or all by the second.
Thus the pattern of significance in our resultsris of the two that are characteristic of a

reference-dependent model with homogeneous prefeseand as such is powerful evidence for

4 Our estimates reverse the patterns of significémee the analogous results in Table 2 of the aggiersion of this paper,
Crawford and Meng (2008), suggesting that thoseltew/ere biased due to the endogeneity of the Easpglitting criterion we
used there: whether realized earnings were highlemer than the full-sample average for a givenatrand day-of-the-week.



reference-dependence, even though with heterogemeeterences other patterns are possible.
Further, because the elasticity of hours with resfeearnings per hour is substantially
negative when the income target is the dominahienice on stopping probability, but near zero
when the hours target is dominant, and on a tygiaglsome drivers’ earnings are higher than
expected and others’ lower, KR’s distinction betweaaticipated and unanticipated wage changes
can easily reconcile the presumably normally pesitncentive to work of an anticipated increase
in earnings per hour, with a negative observedegaie elasticity of hours. As KR put it (2006, p.
1136):
“In line with the empirical results of the targecome literature, our model predicts that
when drivers experience unexpectedly high wagéiseémimorning, for any given afternoon
wage they are less likely to continue work. Yetentpd wage increases will tend to
increase both willingness to show up to work, andrtve in the afternoon once there. Our
model therefore replicates the key insight of ttexdture that exceeding a target income
might reduce effort. But in addition, it both prdes a theory of what these income targets
will be, and—through the fundamental distinctiomviEen unexpected and expected
wages—avoids the unrealistic prediction that geadi higher wages will lower effort.”
Finally, with a distribution of earnings the modah also reproduce Farber’s (2005) findings that
aggregate stopping probabilities are significarghated to hours but not earnings, but
nonetheless respond smoothly to earnings.
In Section 11.2 we use the pooled sample to eseraaeduced-form model of the stopping
probability, with dummy variables to measure theréments due to hitting the income and hours

targets as in Farber’'s (2008) Table 2 but withmraxied targets instead of Farber’s estimated

5 Kirk Doran (2009), in an important study of yeoémer group of New York City cabdrivers, with enbuipta to estimate
individual-level effects, finds considerable hetgoeity in drivers’ behavior, with some referenependent and others
neoclassical.



targets. The estimated increments are large andfisant, again with a sign pattern strongly
suggestive of a reference-dependent model, anefffibets of income and hours come mostly
from whether they are above or below their targatiser than from levels per se.

In Section 1.3 we use the pooled sample to eseraatructural reference-dependent model in
the spirit of Farber’s (2008) model, again with tianges suggested by KR’s theory. In our
model the weight of gain-loss utility and the comént of loss aversion are not separately
identified, but a simple function of them is iddietil, and its estimated value deviates strongly
and significantly from the value implied by a nexsdical model. There is more than enough
independent variation of hours and income and oaxies for drivers’ targets to identify our
model’s other behavioral parameters, and to digtgigbunching of realized hours due to
targeting from bunching that occurs for conventloreoclassical reasons. The parameter
estimates are plausible and generally confirm tnelcisions of Section 11.1-2’s analyses. The
estimated model again implies significant influesnoéincome and hours targets on stopping
probabilities, in a pattern that is gracefully expkd bya reference-dependent model but
inconsistent with a neoclassical model; and resollie puzzles left open by Farber’'s analyses.

Our results suggest that reference-dependenceimgpamtant part of the labor-supply story in
Farber’s dataset, and that using KR’s model to tiakeo account does yield a useful model of
cabdrivers’ labor supply. The key aspect of ourysis, which allows it to avoid Farber’s
criticism that drivers’ estimated targets are tostable to yield a useful model, is implementing
KR'’s rational-expectations view of drivers’ incoraed hours targets by finding natural sample
proxies that limit endogeneity problems, rathentkatimating the targets as latent variables.

Section lll is the conclusion.



|. The Model

This section introduces our model of cabdriverbodlasupply decisions.

Treating each day separately as in all previousyaes, consider the preferences of a given
driver on a given da$.Let| andH denote his income earned and hours worked thatzdhaliet”
andH' denote his income and hours targets for the daywvite the driver’s total utility\/(l,
HJ|I',H"), as a weighted average of consumption utilitfl) + U,(H) and gain-loss utility(l,

H|I" H"), with weights 1 + andy (where 0< 5 < 1), as follows"
1) VOHTLHD)=@=mU (1) +U,(H) +aR(LH [17,HT),
where gain-loss utility

@ ROH[ILH) =L AUL0) =U,(0) 1,0 Ua(D) -UL(7)

+1 AU,(H) -U,(H) +1, (U,(H) -U,(H).

(H-H"=0) H-H'<0)
Because to our knowledge this is the first ted€{Rfs theory, for simplicity and parsimony
(2)-(2) incorporate some assumptions KR made piavadly: Consumption utility is additively
separable across income and hours, Wiih) increasing irl, U,(*) decreasing i, and both
concave. In keeping with the “narrow bracketingdwasption that drivers evaluate consumption
and gain-loss utility day by daya(1) is best thought of as a reduced form, includiregfuture
value of income not spent today. This suggeststhigamarginal utility of income is
approximately constant and, treatidg(-) as a von Neumann-Morgenstern utility functiomatth
consumption utility is approximately risk-neutraldaily income, a restriction Farber (2008) and

we impose in our structural analyses. Gain-lodgyis also separable, with its components

determined by the differences between realizedamgdt consumption utilities. As in a leading

5 Adriver sometimes works different shifts (daynight) on different days but never more than odaya Given that drivers seem
to form daily targets, it is natural to treat théfts or equivalently the driver-day combinatiors, the unit of analysis.

" KR (2006, 2007) use a different parameterizationyhich consumption utility has weight 1 and ghiss utility has weighy.
Oury is a simple transformation of theirs.



case KR often focus on (their Assumption A3’), gkass utility is a linear function of those
utility differences, thus ruling out prospect thger‘diminishing sensitivity.” Finally, losses have
a constant weight relative to gains, “the coefficient of loss aversi’ assumed to be the same for
income and hours. This leaves open the questiavhether preferences are reference-dependent
in both income and hours. Estimates that allde differ for income and hours robustly show no
significant difference (although the estimatddr hours is always larger than that for inconse),
in all but Section I1.3’s structural estimation w&sume for simplicity thdtis the same for both.

We follow KR in conceptualizing the income and retargets” andH" as rational
expectations, but for simplicity, we assume thai/tare point expectations. This exaggerates the
effect of loss aversion, and if anything biasescthraparison against a reference-dependent model.
We operationalize expectations via sample proxiés imited endogeneity problems as
explained in Section Il. We further assume thatdieer is approximately risk-neutral in daily
income, so that only its expected value mattersrto

Our model allows a simple characterization of &eh's optimal stopping decision with a
target for hours as well as income, which paralk@der’s (2005, 2008) characterization of
optimal stopping with income targeting. To simplifys discussion, assume for the moment that
the driver has a daily wage in the sense of preaéned daily expected earnings per hadthat
are constant over time. Further assumehat, reflecting the almost universal empirical fingli
that there is loss rather than gain aversion.

The optimal stopping decision then maximix¢k H|I",H") as in (1) and (2), subject to the
linear menu of expected income-hours combinatiena®H. WhenU;(-) andU,(*) are concave,
V(I, H|I", H") is concave i andH for any target$’ andH'. Thus the driver’s decision is

characterized by a first-order condition, geneealimo allow kinks at the reference points: He
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continues if expected earnings per hour exceedseteeant marginal rate of substitution and
stops otherwis&.Table 1 lists the marginal rates of substitutiotthie interiors of the four
possible gain-loss regions, expressed as hourslitiyscosts per unit of income. Under our
assumptions that gain-loss utility is additivelparble and determined component by
component by the difference between realized amggt@onsumption utilities, when hours and
income are both in the interior of the gains osldemain, the marginal rate of substitution is the
same as for consumption utilities alone and thppsitg decision follows the neoclassical
first-order condition. But when hours and income iarthe interiors of opposite domains, the
marginal rate of substitution equals the consumptitility trade-off times a factor that reflects
the weight of gain-loss utility and the coeffici@itioss aversion, (1 #+ nA) or 1/(1 — +n4). On
boundaries between regions, wherel” and/orH = H', the marginal rates of substitution are
replaced by generalized derivatives whose left-ragit-hand values equal the interior values.
Insert Table 1 about here
Insert Figure 1 about here

Figure 1, in which hours are measured negatively ‘dsd,” illustrates the driver’s optimal
stopping decision when, after an initial blip oghér than expected realized earnings, both
realized and expected earnings per hafigandw®, remain constant and equal. As a result of the
blip, total realized earnings remain higher thahahy expected, and the income target is reached
before the hours target. We stress that the congtafw®andw? and the fact that there are no
surprises after the blip are only for illustratidhe important thing is that total realized earsing
remain higher than expected. The case where reagéiaeings are lower than expected! the

hours target is reached before the income targestngpletely analogous.

8 If a driver's expected wage varies too much withift or in response to experience, his optimaraproblem may become
non-convex, in which case optimal stopping requinese foresight than we assume. Further, more géspecifications that
allow diminishing sensitivity do not imply th&(l, H|I", H") is everywhere concave ImandH. Although such specifications
probably still allow an analysis like ours, as dbev expectations formation rules, we avoid thesapications.
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Lettingl; andH; denote earnings and hours by the end oftfriipe driver starts in the lower
right-hand corner withH, I;) = (0, 0), followed by an initial period of high#éran expected
realized earnings. Total earnings and hours themrease along a weakly monotone path (not
shown), heading northwest. The path is actuallgp &inction, but because mean trip length is
only 12 minutes (Farber (2005, Section V)), théhpatn be treated as smooth &rachdH as
continuous variables. After any given ttjghe driver anticipates moving along a lirew°H,
starting from the current{, ;). As hours and income accumulate, a driver whdicoas
working passes through a series of domains suc¢hhtadours disutility cost of income weakly
increases, whichever target is reached first—ac#tin of the concavity of(I, H|I",H") in | and
H. The driver considers stopping after each trigpging (ignoring option value) when his current
expected wage first falls below his current houssitility cost of income. This myopia may lead
the driver to deviate from KR'’s preferred persoe@lilibrium (footnote 3), although this can
matter only in our structural estimation. The drigeops at a point that appears globally optimal
to him, given his myopic expectations. This conidngextends to drivers who form their
expectations in more sophisticated ways, unlesselpected earnings vary too much.

For example, in the income-loss/hours-gair (', H; < H") domain, the hours disutility cost

of income is —-[U,"'(H,)/U,'(1,)]/[1-n +nA] from the lower left cell of Table 1. Because irsthi

domain hours are cheap relative to income (g1+#4) > 1 when <y < 1 andl > 1), the
comparison with expected earnings per hour favankivg more than the neoclassical
comparison. The indifference curves in Figure hwéngency pointB,, B,, andB; represent
alternative possible income-hours trade-offs farstonption utility, ignoring gain-loss utility. If
a driver stops in the income-loss/hours-gain dogaimill be (ignoring discreteness) at a point

weakly betweem; andA; in the figure, wher®; maximizes consumption utility on indifference

12



curve 1 subject tb=w°H andA; represents the point where the income target shesh(The
closery is to one and the largeris> 1, other things equal, the closer the stoppingtasitoA;.)

Figure 2 compares labor-supply curves for a nesmakand a reference-dependent driver
with the same consumption utility functions. Théicourve is the neoclassical supply curve, and
the dashed curve is the reference-dependent omesiidpe of the reference- dependent curve
depends on which target has a larger influencénerstopping decision, which depends on the
relation between the neoclassical optimal stoppimigt (that is, for consumption utility alone)
and the targets. Figure 2 illustrates the caseesigd by Section II's estimates: For wages that
reconcile the income and hours targets as at ppittie neoclassically optimal income and hours
are higher than the targets, so the driver stopssatecond-reached target. When the wage is to
the left of D, the hours target is reached befbesihcome target, and vice versa.
Insert Figure 2 about here

As Figure 2 illustrates, reference-dependent labipply is non-monotonic. When expected
earnings per hour is very low, to the left of potthe higher cost of income losses raises the
incentive to work above its neoclassical level (€&lis lower left-hand cell). Along segment AB
labor supply is determined by the kink at the hdarget, which is reached first. Along segment
BC the neoclassical optimal stopping point is abibvechours but below the income target, so the
gain-loss effects cancel out, and reference-deperashel neoclassical labor supply coincide
(Table 1's lower right-hand cell). Along segment @Dor supply is determined by the kink at the
income target, which is reached second, so thagltdsticity of hours with respect to expected
earnings per hour is negative. Along segment DBrlabpply is determined by the kink at the
hours target, which is reached second. (Recallgbizit D is defined by the wage that is just high

enough to reverse which target the driver reacinsts)fFinally, when expected earnings per hour
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is very high, to the right of point E, the highest of hours lossdswers the incentive to work
below its neoclassical level (Table 1's upper righnd cell). Most realized earnings fall close to
point D, either along segment CD where hours deergath increases in expected earnings per
hour because of income targeting, or along segiEnvhere hours do not change with increases

in expected earnings per hour because of hoursttagy

ll. Econometric Estimates

This section reports econometric estimates of ei@rence-dependent model of cabdrivers’
labor supply. We use Farber’s (2005, 2008) datecéostly follow his econometric strategies, but
instead of treating drivers’ targets as latentalalgs, we treat them as rational expectations and
operationalize them via sample proxies with limiezaiogeneity problents.

Here and in the rest of our econometric analysegpnoxy drivers’ point-expectation income
and hours targetsriver/day-of-the-week by driver/day-of-the-weegla the analogous sample
averages up to but not including the day in quasiignoring sampling variation for simplicity.
This avoids confounding from including the currehift’'s income and hours in the averages,

while allowing the targets to vary across dayshefweek as suggested by the variation of hours

® There are two possible alternatives to the sitmadiepicted in Figure 2. In the first, for earnirtigat reconcile the income and
hours targets, the neoclassical optimal incomehamuas are lower than the targets, so the drivgrsstt his first-reached target.
This case yields conclusions like Figure 2’s witimg differences in the details. In the second dasepeoclassical optimal
income and hours exactly equal the targets, afiis lreferred personal equilibrium. In that cassgrmvhere most realized
earnings per hour fall, stopping would be completieltermined by the hours target and the incongetavould have no effect.
Thus, our point-expectations version of preferrecspnal equilibrium is inconsistent with what wedfin Farber’s data. This does
not prove that KR'’s distributional preferred perabequilibrium would also be inconsistent, but wepgect it would.

19 Farber generously shared his data withHis 2005 paper gives a detailed description offé@ cleaning and relevant statistics.
The data are converted from trip sheets recorddatidyrivers. These contain information about stgfénding time/location and
fare (excluding tips) for each trip. There aredtat 21 drivers and 584 trip sheets, from June 200@ay 2001. Drivers in the
sample all lease their cabs weekly so they aretéreboose working hours on a daily basis. Becaasé driver’s starting and
ending hours vary widely, and 11 of 21 work songhhiand some day shifts, subleasing seems unlikahaer also collected data
about weather conditions for control purposes.

1 There is some risk of bias in ignoring samplingation, because sampling error tends to be lazgdy in the sample period.
We take this into account by computing estimatdh wieights equal to the number of realizationsgatesd to sum to the number
of observations in each subsample) that are avetagealculate the expectations. The results aentislly the same as without
weighting, with one exception: In Table 3's estiegtunweighted estimates would yield an incomeetatwat is not significant
when we do not distinguish day-of-the-week diffe@sn(column 2), but weighted estimates make thigrpeter significant.
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and income. This way of proxying the targets loseservations from the first day-of-the-week
shift for each driver because there is no priooiimfation for those shifts. This is a

nonnegligible fraction of the total number of oh&gions (3124 out of 13461). But because the
criterion for censoring is exogenous and balancedss days of the week and drivers, it should
not cause significant bias. When necessary we paakyver's expected earnings during the day
in the same way, by sample averages, driver/daieinveek by driver/day-of-the-week, up to
but not including the day in question. This is &g@roxy, but it is not systematically biased and

because it is predetermined it should not causegentkity bias.

[I.1 Probit models of the probability of stopping with a linear index function

We begin by estimating probit models of the probigbof stopping with an index function
that is linear in cumulative shift hours and cuniviashift income as in Farber (2005t
splitting the sample shift by shift according toettner a driver’s earnings for the fisshours of
the day (or equivalently, average earnings foffitisex hours, but with no need for the average to
be constant or independent of history) are highdéower than his proxied expectations. In
estimation we include only observations with curtiuaworking hours higher than

The higher a driver’s early earnings, the moreljilkes is to hit his income target first, simply
because early earnings is part of total earningscan be viewed as a noisy estimate dfar a
wide class of reference-dependent models, includurgstructural model, a driver’s probability

of stopping increases at his first-reached targdtagain (generally by a different amount) at his

12 For this reason, we cannot make the sample exifietlyame as Farber’s, who used only the drivetsavininimum of ten
shifts. Strictly speaking, our working hypothesisational expectations would justify using averspeth prior to and after the
shift in question (but still excluding the shifsélf). This loses fewer observations, but using gnior sample averages is more
plausible and yields somewhat cleaner results.r&bglts are similar using averages after as wdledare the shift in question.
The average within-driver standard deviation ofittewme target proxies is $34 and that of the htanget proxies is 1.62 hours.
Since for most dates there are only a few driveonmgs, we calculate average across-driver stardianations day-of-the-week
by day-of-the-week, then average across days-efvdek. The average standard deviation is $37 foirtbome target proxies
and 2.68 hours for the hours target proxies. Ttiesyariation across drivers is indeed larger thahwithin drivers.
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second-reached target. By contrast, in a neockdssiadel, the targets have no effect. This
difference is robust to variations in the spectima of the targets and the details of the strudtur
specification. Sample-splitting therefore allomhust assessment of the evidence for
reference-dependence, avoiding most of the resingineeded for structural estimation.

In our model as in Farber’s, drivers choose onlyrepnot effort. Thus early earnings, unlike
total earnings, should be approximately uncorrdlatgh errors in the stopping decision, and so
should avoid most problems of sample selectiorem@dogenous variables.

The larger ix the more accurate the split, but we lose the fitgiurs of observations from
each shift, a nonnegligible fraction of the sampbeis large, risking censoring bias. However, if
x =1 we lose only 4 shifts (10 trips) out of a tatb584 shifts, so any bias should be small. We
report estimates for= 1, but the results are qualitatively robust atues ofx up tox = 52

Table 2 reports marginal probability effects to in@xe comparability with Farber’s
estimates, but with significance levels computedlie underlying coefficients. In each
numbered panel, the left-hand column uses the saewfication as Farber’s (2005)
pooled-sample estimates, but with observationgellas in our split-sample estimates. The
center and right-hand columns report our split-dereptimates.

In the left-hand panel, only income and total hansused to explain the stopping
probability** In the pooled-sample estimates with these contbaith coefficients have the
expected signs, the effect of hours is significdrithe 1% level, and the effect of income is
significant at the 10% level. In our split-sampgtimates with only these controls, the effect of
hours is large and significant whether or not eadgnings are higher or lower than expected, but

the effect of income is insignificant in either eas

13 Whenx > 5 the sign pattern of estimated coefficientsresprved, but the coefficients are no longer sicpnitly different than 0
in most cases, possibly because of the smallerlsasige and censoring bias.

14 Here we follow Farber (2008) rather than Farb@0B) in using total hours rather than hours bra@nn into driving hours,
waiting hours and break hours, which makes litifieecence to the results.
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In the right-hand panel we control for driver heggneity, day-of-the-week, hour of the day,
weather, and location. In the pooled sample tretdgi estimates like those in the left-hand panel,
except that the effect of income is now insignificaven at the 10% level. But in the split-sample
estimates with this full set of controls, the etfethours but not that of income is significant at
the 1% level when early earnings are higher thaeeted, while the effect of income is
insignificant even at the 10% level; but the effecincome is significant at the 5% level when
early earnings are lower than expected, while tfexiof hours is insignificant even at the 10%
level.

This reversal of the pattern of significant coaéfiits depending on whether early earnings are
higher than expected is inconsistent with a nesatabmodel, but is gracefully explained by a
reference-dependent model in which stopping pradihais usually more strongly influenced by
the second target a driver reaches than the disst) Figure 2. Specifically, if the second target
reached on a given day normally has the strondiereimce, then on good days, when the income
target is reached before the hours target, howsistronger influence on stopping probability, as
in the *** coefficient in the first row of the rigkhand panel of Table 2 in the column headed
“first hour’s earnings > expected”. On bad daysme then has the stronger influence, as in the
** coefficient in the second row of the right-hapdnel. By contrast, if the first target reached on
a given day usually had the stronger influence pthitéern of significant coefficients would again
reverse depending on whether early earnings arehtgan expected, but now with a significant
influence of income on good days and of hours ahdsys. If the population were homogeneous
in preferences these would be the only two possiédes, and in that sense the pattern we see is
one of two that are characteristic of a referenggethdent model with hours- as well as income-

targeting. With heterogeneous preferences othéenpatof significance are logically possible,
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but more “contrived” and so less plausible.
Insert Table 2 about here

To put these results into perspective, recall shatoclassical model would predict that hours
have an influence on the probability of stoppingttharies smoothly with realized income,
without regard to whether income is higher thaneetgd. A pure income-targeting model as in
Farber (2008) would predict a jump in the prob&pif stopping when the income target is
reached, but an influence of hours that again sameoothly with realized income. Our estimates
are inconsistent with a neoclassical model and—dmexthe effect of hours is significant when
income is higher than expected but insignificanewincome is lower than expected—uwith
Farber’s income-targeting model. When the utilidgtcof hours is highly nonlinear, drivers’
neoclassical utility-maximizing choices resemblensaargeting. But neoclassical drivers should
still have positive wage elasticity, in contrasthie zero elasticity implied by hours targeting.
Further, Section 11.3’s structural model can clgsgbproximate a neoclassical model with
inelastic labor supply, but there is clear evidetied the hours bunching in the sample follows
targets that vary by day-of-the-week in a way teatiled out by a neoclassical model. Although
our estimates are inconsistent with a neoclaseicalel, they estimates are consistent with our
reference-dependent model if the probability opping is more strongly influenced by hours
when early earnings are higher than expected butdmme when lower than expected.

We note again that because the wage elasticétylistantially negative when the income
target is the dominant influence on stopping batrrzero when the hours target is dominant, the
reference-dependent model’s distinction betweeitipated and unanticipated wage changes can
reconcile an anticipated wage increase’s positicentive to work with a negative aggregate

wage elasticity of hours. Finally, with a distribart of realized wages, the model can also
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reproduce Farber’s (2005) findings that aggregatepsng probabilities are significantly related

to hours but not realized earnings, and that teepand smoothly to earnings.

II.2 Reduced-form estimates of the probability of ®pping

We now estimate a reduced-form model of stoppimdpability, with dummy variables to
measure the increments due to hitting the incondehanirs targets as in Farber’s (2008) Table 2,
but with the sample proxies for targets introduabdve instead of Farber’s estimated targets.

Table 3 reports reduced-form estimates of the mergs in stopping probability on hitting the
estimated income and hours targets. The estimaiefficdents of dummy variables indicating
whether earnings or hours exceeds the targetsoargve, the sign predicted by a
reference-dependent model, and significantly déifiefrom 0. The estimates confirm and extend
the results from our split-sample probits, in ttreg significant effects of income and hours come
mainly from whether they are above or below thaigéts rather than from their levels. The level
of income has a slightly negative, insignificarfeet and the level of hours has a positive,
significant effect. In this respect the estimateggest that hours have a nonnegligible
neoclassical effect as well as their reference-aépet effect.

Insert Table 3 about here

[1.3 Structural estimation

We now estimate Section I's structural model. Qurcgural model makes no sharp general
predictions. In particular, whether the aggrega&te@ng probability is more strongly influenced
by income or hours depends on estimated paranetdreow many shifts have realized income

higher than expected. Even so, structural estimasi@n important check on the model’s ability
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to give a useful account of drivers’ labor supply.

We use the same sample proxies for drivers’ targetsefore, and we take a driver’'s
expectations about earnings during the day as medmed rational expectations, proxied by
sample averages, driver/day-of-the-week by drias/df-the-week, up to but not including the
day in questionThis proxy is noisy, but it is not a source of egeloeity or other bias.

Section | explains the model. In the structuralnestion, as in Farber (2008), we impose the

further assumption that consumption utility hasftiectional fornJ (1, H) = | —1+i H™,
P

wherep is the elasticity of the marginal rate of subsitnt Thus, the driver has constant marginal
utility of income (and is risk-neutral in it, trétag) U(-) as a von Neumann-Morgenstern utility
function), in keeping with the fact that incomestsrable and the day is a small part of his
economic life. However, he is averse to hours asstandard labor supply model.

Substituting this functional form into (1)-(2) ye:

3) V(I,Hllf.H‘)=(1—n){l—%}H“"}ﬂ[l(._lrsoﬂ('"r)+1<._.r>o>("'ﬂ

_ % p _ % o || _ % p _ % r\1+p
,7[1(H"Hr2°)/]{1+pH 1+,0(H ) d 1(H‘Hr<°) 1+,0H 1+p(H ) '

Like Farber, we assume that the driver decidesojp &t the end of a given trip if and only if
his anticipated gain in utility from continuing wofor one more trip is negative. Again lettihg
andH; denote income earned and hours worked by the etribaf this requires:

(4) E[V(lte1, Hera]l,H)] = V(I HI"H) +x,8 +¢ +¢<0,

wherel =1 +E(f,))andH,  =H +E(h,,),E(f,,)andE(h,,) are the next trip’s expected

t+1

fare and time (searching and driving)3 include the effect of control variablesis the constant
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term, anct is a normal error with mean zesad variance?. We estimate a non-zero constant
term to avoid bias, even though theory suggest§.

Online Appendix B gives the details of deriving thkelihood function

584 T

(5) DD IN®[((1-77+nA)ay, + @y, — (L- M) bL.t(p) bz,t(p)+>q,8+c)la]

i=1 t=i

wherei refers to the shift antto the trip within a given shift, ana, &, ,b , (0),and b, (o)

are shorthands for components of the right-hanel gid3), as explained in Online Appendix B.

Here,unlike in a standard probit modeljs identified througla, ; , which represents the change

in income “gain’relative to the income target. However, as is diean the likelihood functiory

andZ cannot be separately identified: Only # + 7/, the factor by which (directly or inversely)
the reference-dependent marginal rate of substitudifers from the neoclassical marginal rate

of substitution (Table 1) is identified. If 14—+ n1 = 1, or equivalently(1 —1) = 0, the model
reduces to a neoclassical model. This happensiltyivi » = 0 so there is no weight on gain-loss
utility, or if  # 0 butd = 1 so gains and losses are weighted equally=I1 the model has only
gain-loss utility as was usually assumed before(RB06), and 1 + + #4 = 4. In that sense our
estimates of 1 # + »#4 are directly comparable to most estimates of theffiaeent of loss
aversion that have been reported in the literature.

Table 4 reports structural estimates, expandedetatify the effects of different proxies and
the reasons for the differences between our anokeFar(2008) results, and to allow different
coefficients of loss aversioay and,, for hours and income. Column 1's baseline modstyg
plausible parameter estimates that confirm andeefie conclusions of Section 1l.1-2’s analyses.

For bothiy and 4;, the null hypothesis tha{1 —1) = 0 is rejected at the 1% level, ruling out the
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restrictions; = 0 or = 1that would reduce the model to a neoclassicalatid For bothiy and

A, the implied estimate of 1#+ 54 (= 1 +#(4—1)) is comparable to most reported estimates of
the coefficient of loss aversion. The hypothesad th = 4, cannot beejected, although the
estimatediy robustly exceeds.

Columns 2-5 change one thing at a time from thelbes Column 2 confirms the robustness
of Column 1’s results to basing targets on samp&ips after as well as before the current shift
(but still omitting the current shift; see footndi®). Column 3 confirms the robustness of Column
1's results to more sophisticated earnings foraagstia a model of next-trip fare/time
expectations using the 3124 observations omittea the first shifts for each day-of-the-week
for each driver, and estimated using the curremipda’® Column 4 suggests that Column 1's
results arenot robust to ruling out day-of-the-week differencesraBarber (2008): This
restriction obscures the effects of reference-ddgece, in that the effects of the targets become
smaller and in one case significant only at the 1©%l. By contrast, Column 5 suggest that
Column 1's results are robust to Farber’s (2008}jrieion to income- but not hours-targeting.
Insert Table 4 about here

Table 4’s five models all have the same numberohmeters except for column 5, which has
no loss aversion coefficient for the hours targetonstant term, five structural parameters, and 55

controls. Our proxies for targets and trip-levgbestations are either calculated as sample

15 The estimated standard errors suggestjiatl) is not significantly dferent from zero in most specifications, based on the

Wald Test. Here we use likelihood ratio tests, Whgove results somewhat different from the WaldtT€kere are at least two
reasons why the likelihood ratio test might givifedent results: First, some parameter transfownatare needed to facilitate
numerical estimation, and the likelihood ratio fieshvariant to such transformations under maxintikelihood estimation, but
the Wald Test is not invariant. Second, althougth lbest statistics converge to the Chi-squareilligion asymptotically, for

small samples the likelihood ratio test statisgicloser to the Chi-square distribution used fégrence. Because our sample size
is quite large, the first reason is probably theerimportant one.

18 The other variables include day-of-the-week, hofsthe-day, locations at the end of the trip, aratlier controls. Surprisingly,
there is not much variation by time of day, butréhis a lot of variation across locations. Onlirgp@ndix C, Table C1 reports the
trip fares and time estimates whose fitted valuesised to proxy drivers’ expectations in those efmd
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averages or as predicted values with coefficiestisnated out of sample, and this choice does not
affect the number of parameters. Although Farb@®82 argues that a reference-dependent model
has too many degrees of freedom to be fairly coegpaith a neoclassical model —a loss
aversion coefficient and heterogeneous income tsrgeefining the targets as rational
expectations reduces the difference.

Column 3’s model, with drivers sophisticated enot@predict future wages based on
location, clock hours, etc., fits best. Of the remray four models, all with constant expectations
throughout the shift, Column 1’'s model, the basglitts best. The likelihood cost of ruling out
sophisticated earnings forecasting is nontriviadugh this does not seem to distort the parameter
estimates much. Despite Column 5’s robustnesstrekallikelihood cost of rulingut
hours-targeting is also nontrivial, as is thatuding out day-of-the-week differences.

Insert Table 5 about here

To illustrate the implications of the estimateditytifunction parameterander Table 4’s
alternative specifications, Table 5 presents therg stopping times implied by our estimates of
the structural reference-dependent model for epebification (column B) and for representative
percentiles of the observed distribution of realizeages, with “neoclassical” optimal working
hours (column A) for comparison, computed fromélgmates of a separate structural
neoclassical model with consumption utility oAfyThe implied reference-dependent stopping
times seem reasonable for all four models. Howdweethe model of Column 3 neoclassical
working hours are very low, perhaps because theeimsastimated with varying next-trip
earnings and time predictions and so simulatingfitanal working hours with a constant wage

is inappropriate. By contrast, neoclassical workiwogrs of other columns are in a reasonable

7 In Column A we compute optimal working hours afteestimating the parameters of the consumptidityutinction
constraining; = 1. Online Appendix D, Table D1 gives the implied awgatopping probabilities for various ranges retato the
targets. Our estimates imply comparatively littlenbhing around the targets. Even so, the targets &aery strong influence on
the stopping probabilities, and the second-reatéregt has a stronger effect than the first-reathepet.
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range. For the model of Column 4 the neoclassigctinal solution ranges from below to above
the targets as earnings per hour vary, so in aaede-dependent model labor supply is driven by
neoclassical considerations for low earnings buthieyhours target for high earnings; in
aggregate the correlation between earnings perdmlioptimal working hours is positive.

Like Section 1l.1’s probits, our structural modetolves the apparent contradiction between a
negative aggregate wage elasticity and the posisentive to work of an anticipated increase in
expected earnings per hour. In our model the shgpgecisions of some drivers, on some days,
will be more heavily influenced by their incomegats, in which case their earnings elasticities
will be negative, while the decisions of other érns on other days will be more heavily
influenced by their hours targets, with elasticitidose to zero. Whey{l —1)is large enough, and
with a significant number of observations in thenfer regime, the model will yield a negative
aggregate elasticityl o illustrate,Table 5 also reports each specification’s implaafior the
aggregate correlation of earnings and optimal waykiours, a proxy for the elasticity. All
reference-dependent models but column (4), whippasses day-of-the-week differences, have
a negative correlation between earnings per hodiogtimal working hours.

Despite the influence of the targets on stoppirapabilities, the heterogeneity of realized
earnings yields a smooth aggregate relationshipd®t stopping probability and realized income,
so the model can reconcile Farber’s (2005) findiveg aggregate stopping probabilities are
significantly related to hours but not income wathegative aggregate wage elasticity of hours as
found by Camerer et al. (1997).

Finally, our structural model avoids Farber’s (2D0@&ticism that drivers’ estimated targets
are too unstable and imprecisely estimated to alawseful reference-dependent model of labor

supply. The key function(4 —1) of the parameters of gain-loss utility is plalysand precisely
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estimated, robust to the specification of proxeasdrivers’ expectations, and comfortably within

the range that indicates reference-dependent prefes.

lll. Conclusion

In this paper we have proposed and estimated almbdabdrivers’ labor supply based on
KR'’s theory of reference-dependent preferences taitgets for hours as well as income, both
determined by proxied rational expectations. Owlysis builds on Farber’s (2005, 2008)
empirical analyses, which allowed income- but rairis-targeting and treated the targets as latent
variables.

Our model, estimated with Farber’s data, suggestsreéference-dependence is an important
part of the labor-supply story in his dataset, #rad using KR’s model to take it into account does
yield a useful model of cabdrivers’ labor supplyetall, our results suggest that a more
comprehensive investigation of the behavior of caeds and other workers with similar choice
sets, with larger datasets and more careful moglelitargets, will yield a reference- dependent

model of labor supply that significantly improvgsom the neoclassical model.
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Table 1. Marginal Rates of Substitution with Referace-Dependent Preferences by Domain

Hours gain H <H")

Hours loss H > H")

Income gain

(1>

-U,'(H)/u,'(1)

—[U, ' (H)/U (D17 +7A]

Income loss

(<1

—[U, (H) /U (D1/[A-n+nAl

—U,'(H)/U(1)
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Table 2: Marginal Effects on the Probability of Stgping: Probit Estimation with Split Samples

Cumulative total
hours
Cumulative

Income/100

Min temp<30

Max temp>80

Hourly rain

Daily snow

Downtown

Uptown

Bronx

Queens

Brooklyn

Kennedy Airport

Evaluation Point

for Marginal Effect

8.0

15

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

@

First hour’s

Pooled data earnings >

expected
.020*** 0.022+**
(.006) (0.006)
0.035* 0.021
(.016) (0.019)

29

First hour’s
earnings <
expected
0.022%+*
(0.008)
0.021

(0.027)

Pooled data

0.009*+
(0.003)
0.020
(0.014)
0.004*
(0.008)
-0.017*
(0.010)
0.011
(0.164)
-0.001
(0.005)
0.002
(0.008)
-0.002
(0.006)
0.072
(0.071)
0.045
(0.045)
0.088*+

(0.041)

0.076***

@)

First hour’s
earnings>

expected

0.028*+
(0.010)
0.035
(0.031)
0.014
(0.023)
-0.004
(0.038)
-0.945
(0.720)
-0.003
(0.010)
0.005
(0.023)
-0.009
(0.018)
0.000
(0.075)
0.290
(0.188)
0.187*

(0.098)

0.133**

First hour’s
earnings <
expected
0.005
(0.004)
0.037**
(0.025)
0.002
(0.010)
-0.014
(0.013)
0.127
(0.139)
-0.028
(0.106)
0.010
(0.013)
-0.002
(0.008)
0.056
(0.087)
0.044
(0.061)
0.080**
(0.059)

-0.006



LaGuardia Airport 0.0 - -
Other 0.0 - -

Drivers (21) No No

Day of week (7) No No
Hour of day (19) 2:00 p.m. No No

Log likelihood -1550.452 -803.93123

Pseudo R 0.1239 0.1186
Observation 8958 4664

No

No

No

-722.27398

0.1278

4294

(0.040)
0.073***
(0.037)
0.148***
(0.084)
Yes
Yes
Yes
4438812
0.2401

8958

(0.076)
0.185**
(0.138)
0.028**
(0.010)

Yes
Yes
Yes
-679.48626
0.2550

4664

(0.019)
0.001
(0.024)
0.224**
(0.189)
Yes
Yes
Yes
-607.45459
0.2664

4294

Note: Standard errors are computed for the margiffatts to maximize comparability with Farber'dimstes, but with significance levels

computed for the underlying coefficients rathemthlae marginal effects: *10%, **5%, ***1%. Robustasdard errors clustered by shift are

assumed. The subsample estimation weights eachvalise based on the number of realizations irhiistory (rescaled to sum to the number of

observations in each subsample) used to calciiatprbxies for expectations (see footnote 12; te$oit the unweighted estimation are reported

in online appendix A, Table A1)Ve use Farber’s evaluation point: after 8 total kirmy hours and $150 earnings on a dry day with maide

temperatures in midtown Manhattan at 2:00 p.m. &rfixed effects and day of week dummies are eguwedighted. For dummy variables, the

marginal effect is calculated by the differencen®sn values 0 and 1. Following Farber’s suggesti@do not distinguish between driving hours

and wait hours between fares. Among the dummy obwuérriables, only driver fixed effects, hour oéttay, day of the week, and certain location

controls have effects significantly different frdm
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Table 3: Marginal Effects on the Probability ofStopping: Reduced-Form Model Allowing Jumps at theTargets

Cumulative total
hours>hours target
Cumulative income

> income target

Cumulative total

hours
Cumulative
Income/100
Weather (4)
Locations (9)
Drivers (21)
Days of the week
7
Hour of the day
(19)
Log likelihood
Pseudo R

Observation

Evaluation point for

@

marginal effect

0.036***
(0.013)
0.058***
(0.018)
0.011***
8.0
(0.005)
-0.010
1.5
(0.015)
No
No

No

No

2:00 p.m. No

-1526.9354

0.1597

10337

@

0.030**
(0.022)
0.020*
(0.017)
0.007**
(0.006)
0.010
(0.016)
Yes
Yes

Yes

Yes

Yes

-1367.8075
0.2472

10337

Using driver and day-of-the-week specific
Using driver specific sample average income

sample average income and hours prior to
and hours prior to the current shift as targets

the current shift as targets

®)

0.055***
(0.016)
0.049%**
(0.017)
0.012%**
(0.004)
-0.012
(0.013)
No

No

No

No

No

-1493.3419

0.1756

10337

(4)

0.155%**
(0.051)
0.056**
(0.036)
0.018*
(0.010)
0.016

(0.039)
Yes

Yes

Yes

Yes

Yes

349.809
0.2740

10337

Note: Standard errors are computed for the margifietts to maximize comparability with Farber'simstes, but with significance levels

computed for the underlying coefficients rathemtltae marginal effects: *10%, **5%, ***1%. Robudasdard errors clustered by shift are

assumed. The estimation weights each observatisedban the number of realizations in the histoeggaled to sum to the number of

observations in each estimation) used to calcyabeies for expectations (see footnote 12; redaltsthe unweighted estimation are

reported in online appendix A, Table A2). We usebEds evaluation point: after 8 total working hewand $150 earnings on a dry day with
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moderate temperatures in midtown Manhattan at g:00 Driver fixed effects and day of week dummiesequally weighted. For dummy
variables, the marginal effect is calculated bydkference between values 0 and 1. As in Farb@dg® (but no Farber (2005), we do not
distinguish between driving hours and waiting hdwesveen fares. Among the dummy control variatiesy driver fixed effects, hour of

the day, day of the week, and certain locationroishave effects significantly different from 0.

Table 4: Structural Estimates under Alternative Speifications of Expectations

®3) 4)
) @ ®)
Use driver and Use driver
Use driver and Use driver and Income target
day-of-the-week (without

day-of-the-week day-of-the-week
specific sample
specific sample  specific sample
averages prior to

averages prior to  averages prior

the current shift

the current shift and after the

as the

as the current shift as

income/hours

income/hours  the income/hours

targets and fit the

targets and the targets and

sophisticated

next-trip next-trip the

next-trip
earnings/times earnings/times

earnings/time

only: use driver

day-of-the-week

and
difference)
day-of-the-week
specific sample
specific sample

averages prior to

averages prior to
the current shift
the current shift
as income/hours
as income target
targets and the
and next-trip
next-trip
earnings/time
earnings/time
expectation

expectation expectation . .
expectation expectation
Ay — 1) 1.309%** 1.886*** 0.671%* 0.188***
[p-value] [0.000] [0.000] [0.000] [0.001] _
n(4 —1) 0.512%+* 0.299** 0.256*** 0.111* 2.007*+*
[p-value] [0.001] [0.041] [0.002] [0.057] [0.000]
0 0.035%** 0.017%** 0.043%** 0.152%** 0.018%**
[p-value] [0.000] [0.000] [0.000] [0.000] [0.000]
p 0.597*+* 0.782%+* 0.566*** 0.212%+* 1.407***
[p-value] [0.000] [0.000] [0.000] [0.000] [0.000]
a 0.127 0.117 0.072 0.045 0.286
[p-value] [0.253] [ 0.104] [0.996] [0.280] [0.484]
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c -0.047 0.014 -0.045 0.029 -0.036

[p-value] [0.710] [0.929] [0.825] [0.755] [0.902]
TeStkH = 7\,|
[0.243] [0.112] [0.997] [0.666] -
[p-value]
Observations 10337 10337 10337 10337 10337
Log-likelihood -1321.1217 -1326.3005 -1312.8993 612374 -1333.0964

Notes: Significance levels *10%, **5%, ***1%. We germ likelihood ratio tests on each estimated peter and indicate the
corresponding-values and significance levels. The null-hypothésithat each parameter equals zero except fosattience
estimate where we test= 1. The estimation weights each observation basettie number of realizations in the history
(rescaled to sum to the number of observationsdh @stimation) used to calculate proxies for etgiiens(see footnote 12;
results for the unweighted estimation are reparnathline appendix A, Table A3Tontrol variables include driver fixed

effects (18), day of week (6), hour of day (18%dtion(8), and weather (4).

Table 5: Estimated Optimal Stopping Times (in Hour$

@)
(1) 2) i (4)
Use driver and Use driver and dl;s?o?-rtlk\l/g-rvsg gk Use driver (without
day-of-the-week day-of-the-week Y day-of-the-week

specific sample
averages prior to the
current shift as the
income/hours targets
and fit the

difference) specific
sample averages prior
to the current shift as

income/hours targets

specific sample specific sample
averages prior to the averages prior and after
current shift as the  the current shift as the
income/hours targets  income/hours targets

Hourly earnings

and the next-trip and n.ext-trip the sophisticated next-trip and the ne>§t-trip
earnings/times earnings/times inastti earnings/time
expectation expectation earmings/time expectation
expectatlon
A B A B A B A B
6 =0.035 6 =0.035 6=0.043 6=0.152
_ p =0.597 _ p =0.597 _ p = 0.566 _ p=0.212
123908 b, n DT -y D209 G,y 07080 o,
p= =1.309 P~ =1309 P~ 0671 P77 =0.188
nA -1 nA, -1 nA, -1 nA, -1
=0.512 =0.512 = 0.256 =0.111
$16.7 9.27 9.58 9.76 9.58 1.68 9.58 6.72 3.51
$18.4 9.89 8.70 10.26 8.7b 1.82 8.70 7.49 5.55
$19.4 10.24 8.25 10.55 8.25 1.90 8.25 7.94 7.12
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$20.3
$21.3
$22.0
$22.8
$23.8

$25.3

Correlation of earnings
per hour and optimal
working hours

10.56
10.91
11.14
11.41
11.75
12.24

0.99

7.88
7.8b
7.8b
7.8b
7.8b
7.8b

-0.83

10.79
11.06
11.25
11.46
11.72
12.09

0.99

7.88
7.80
7.80
7.80
7.80
8.10

-0.75

1.98
2.06
2.11
2.18
2.25

2.37

0.99

7.88
7.80
7.80
7.80
8.30

9.20

-0.27

8.35
8.81
9.13
9.50

9.96
10.66

0.99

7.88
7.80
7.80
7.80
7.80
7780

0.80

Note: The chosen wages are 10-90 percentiles aféige distribution in the sample. For illustratpugrposes we take the average
income ($160) and working hours (7.8) in the estiomasample as income and hours targets to deterthanoptimal working hours
given the estimated coefficients. For each modelcalculate both the neoclassical optimal workiogrl (column Apased on a
separate estimation that includes consumptiortyutlily, and the reference-dependent optimal waykiours (column Bpased on
estimates from table 4 that include both consumptidity and the gain-loss utility. Optimal worlgrhours superscripted H or |
denotes that the number is bounded by the hourgome target.
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Figure 1: A Reference-dependent Driver's Stopping Bcision

when Realized Earnings are Higher than Expected
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Figure 2: A Reference-dependent Driver’s Labor Suply Curve
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