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Abstract

This paper argues that workers’ daily labor supply is neoclassical when they
know wages precisely. In these instances, workers deliberately trade off income
and leisure, and behavior reflects normative preferences. However, when wages
are uncertain, workers rely on heuristics, and their behavior is biased. Conse-
quently, workers may appear rational or behavioral depending on the level of un-
certainty. Empirically, London taxi drivers generally exhibit a large Frisch elastic-
ity, but labor supply is non-monotonic and reminiscent of reference-dependence
when wages are risky. I derive the welfare losses from this behavior, which are
small—around one percent of income—because wages are rarely uncertain enough

to trigger biases.
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1 Introduction

Labor supply responses to wage changes are the focus of a vast literature in eco-
nomics and serve as parameters in models that inform normative topics, such as
the efficiency of income taxes (Blundell and MaCurdy, 1999; Keane, 2011). However,
in settings where workers have complete control over their daily labor supply, it is
unclear whether decision-making is consistent with the neoclassical model. For ex-
ample, New York cab drivers have been estimated to exhibit behavior in line with
(Buchholz et al., 2023; Farber, 2005, 2008, 2015), and contrary to (Camerer et al., 1997;
Crawford and Meng, 2011; Thakral and T6, 2017), this canonical model.

Reference-dependence, which induces behavior like income targeting, provides a
popular account of non-neoclassical labor supply (O’Donoghue and Sprenger, 2018).
This poses problems for researchers. In particular, there is an ambiguity over whether
the unequal treatment of gains and losses reflects genuine preferences (Bernheim
and Taubinsky, 2018; Reck and Seibold, 2020). Further, the origin of reference de-
pendence lies in decision-making under risk (Kahneman and Tversky, 1974, 1979;
Kdszegi and Rabin, 2006), but there has been little consideration of the impact of un-
certainty on daily labor supply choices.!

This paper seeks to make two contributions. First, it aims to understand when
heuristics may be important for determining labor supply, if at all, by exploring the
effect of wage risk on behavior. Second, it studies welfare losses due to heuristics by
distinguishing between optimal and biased labor supply, where the former is revealed
on occasions where wages are predictable.? The rise of gig work has given renewed
importance to understanding how workers respond to fluctuating wages. The results
in this paper suggest that excessive wage volatility inhibits workers’ ability to exploit
flexibility, which may concern policymakers.

Motivated by prospect theory, which is cast in the context of decision-making un-
der risk (Kahneman and Tversky, 1979), I hypothesize and evince that when workers
know their wages precisely, they exhibit large and positive labor supply responses.
This behavior likely reflects normative preferences over income and leisure since in-
dividuals can deliberately trade off these factors. However, when the wage is uncer-

tain, workers rely on heuristics and exhibit behavior like income or hours targeting.

1For example, Farber (2015) provides a variance decomposition of daily wages for New York cabdrivers
but does not estimate separate labor supply responses for different levels of variance in the wage. Similarly,
Buchholz et al. (2023) estimates a matrix describing the stochastic evolution of wages but does not consider
how variance affects behavior.

2Br0adly, I follow Kahneman and Tversky (1974) and use “heuristics” to describe a process of rule-of-
thumb decision-making and “biases” to describe behavior that does not maximize normative utility.



Consequently, workers lose out when they cannot readily infer the wage because they
do not ensure that their intratemporal optimality condition holds.?

The empirical context for this paper is the private hire taxi industry in London, UK.
Several features of this setting are attractive for studying daily labor supply. Drivers
pick when and where to operate and are paid by the job. Unlike the New York context,
these drivers do not suffer from schedule rigidities stemming from shared medallions,
and a third-party firm allocates them jobs. Drivers lease their vehicles from this firm,
which can be used for leisure but not in the service of other ridesharing platforms, so
there is no risk of conflating labor supply responses and multi-apping.

London Underground strikes offer a natural experiment that saliently stimulates
demand and raises wages while plausibly leaving driver labor supply otherwise un-
affected. Using information from the UK equivalent of a FOIA request, I date these
strikes and study their impact on wages and daily labor supply. The most prominent
strike increased wages by seven percent. In turn, drivers increase their labor supply
in almost exact proportion, which implies a Frisch elasticity of one. From a norma-
tive perspective, the response is consistent with a quadratic cost to hours worked in a
utility function that is linear over income and isoelastic in leisure.

To study labor supply further, I construct a new instrument for hourly earnings:
the continuation mean wage (CMW). For a given driver-shift, the CMW is the average
wage of drivers who start a shift at the same time and place as the driver under con-
sideration ends their shift. It is an empirical counterpart to the wage drivers would
expect to receive if they continued driving and has two advantages over the oft-used
leave-out mean wage (LOMW). First, the CMW isolates wage variation that persists
after a worker’s shift ends, which is the relevant quantity to compare with drivers’
marginal rate of substitution. Second, common labor shocks mean the LOMW is en-
dogenous. The CMW uses variation from drivers who have made different extensive
margin decisions and are, therefore, less likely to share shocks.

Using the CMW as an instrument for drivers’ wages yields the same result as the
Underground strikes natural experiment. That is, drivers exhibit large and positive
behavioral responses to an increase in their hourly wage rate across the panel of data
I observe and not just during strikes. The LOMW does not replicate this finding for the

reasons discussed above. Therefore, this result validates the CMW as an instrument

3Kahneman and Tversky (1991) argues that reference-dependence can emerge in riskless settings and
describes phenomena consistent with this (e.g., the endowment effect (Kahneman et al., 1990)). However,
given the significant wage risk that cab drivers face, uncertainty constitutes a plausible cause of reference-
dependence, which I evince in this paper.



and provides additional support to the neoclassical view of daily labor supply, which
puts a positive sign restriction on the Frisch elasticity.

However, reference dependence is not a blanket description of all behavior; rather,
it provides a model that is relevant for certain settings. Prospect theory, which under-
pins reference dependence and is cast in the context of uncertainty, suggests that it
is necessary to consider the impact of wage risk on behavior. Moreover, reference-
dependent labor supply implies that hours are non-linear with respect to the wage
(DellaVigna, 2009), so a more flexible conditional expectation function is needed to
take non-neoclassical behavior seriously.

To measure risk in drivers’ wages, I construct the variance of wages across drivers
who start their shifts at the same time and place (i.e., the second-order analog of
the LOMW). Intuitively, it is possible to infer the variance in wages a driver faced by
looking at their peers who made the same initial labor supply decision. Partitioning
driver shifts into quintiles of this variance distribution reveals that the effect of wages
on hours remains positive but decreases considerably as the uncertainty of the wage
rises. In the top risk quintile, labor supply responses are all but mute.

To study the shape of drivers’ labor supply functions under different levels of wage
uncertainty, I use new semi-parametric methods in conjunction with a control func-
tion model (Cattaneo et al., 2024; Wooldridge, 2015). For shifts that fall into the 20
percent of wage risk, labor supply functions are non-monotonic and reminiscent of
reference-dependent labor supply. Hours initially increase when wages are low but
then begin to fall as the wage rises further until, eventually, they begin to rise again.
The elasticity of hours for the intermediate range of wages is negative but greater than
minus one, which suggests a role for income targeting alongside other biases.

I derive a behavioral welfare expression (BWE) for losses due to biased labor sup-
ply, imposing minimal structure. The approach assumes limited concerns over con-
sumption and hours worked, which enter utility additively, and is applicable in other
continuous decision-making settings. The BWE reveals the average marginal bias of
suboptimal labor supply in terms of the wedge in the intratemporal optimality con-
dition between a driver’s wage and their marginal rate of substitution between con-
sumption and leisure (MRS) (Allcott and Taubinsky, 2015). All else equal, hours tar-
geting dominates income targeting because the latter induces a costly covariance be-
tween the average marginal bias and workers’ hours (i.e., when the value of leisure
most exceeds the value of an additional dollar).

To estimate the BWE, I treat the labor supply curve from the control function



model under the lowest quintile of wage risk as optimal because workers can delib-
erately trade off income and leisure. For biased labor supply, I take two approaches.
First, I use the control function model estimate under the highest wage risk quintile.
Second, I consider that two groups of workers comprise this aggregate function. The
distinct slopes and kinks in the estimated labor supply function provide sufficient
variation to identify a structural model where some fraction of drivers target hours
and the remainder target income.

Estimates of the model’s parameters imply that 85 percent of drivers target a shift
length of 7 hours. This high proportion aligns with the BWE's intuition that hours tar-
geting is generally less costly; most drivers optimally pick a less costly bias. However,
these drivers face more severe reference dependence, so they are completely unre-
sponsive to wage fluctuations. Drivers who target income aim to earn £130 per shift.
Their hours fall between wage rates of £15 and £20 and rise elsewhere.

To address unobserved consumption, I assume consumption equals average daily
income, which implies that workers have no additional income sources and that they
perfectly smooth consumption.? Since labor supply is meaningfully biased only one-
fifth of the time while consumption depends on the totality of behavior, this approach
reasonably but mechanically attenuates the welfare impacts of biases. To assess the
severity of the workers’ biases when they are evident, I also present results under an
alternative scenario in which behavior is consistently suboptimal, keeping consump-
tion constant at the expected level of income given this pattern of labor supply.

The welfare effects of labor supply biases are small at around one percent of daily
income because wages are seldom sufficiently risky to engage drivers’ heuristics. This
is robust to considering worker heterogeneity. Interestingly, the stronger reference
dependence of drivers who target hours means they are not discernibly better off than
those who target income. These results suggest that labor supply biases do not ma-
terially affect welfare in this setting. Interestingly, this finding masks the severity of
behavioral biases. If drivers consistently deviated from their optimal labor supply in
this way, welfare losses would be an order of magnitude larger. Consequently, atten-

tion should be paid to labor markets where wages are very unpredictable.

Related literature. This paper connects most closely to the literature studying daily

labor supply choices in settings where workers have fine control over their hours.

4Ruling out whether drivers have other sources of income is not possible with this data, but seems a
reasonable assumption given their full-time employment in this profession. Further, it is uncommon for
individuals in this part of the income distribution to receive significant capital income.



Much of this literature has made use of observational data from cab drivers in New
York City (Camerer et al., 1997; Crawford and Meng, 2011; Farber, 2005, 2008, 2015),
but studies have also leveraged field experiments in other settings (Andersen et al.,
2014; Fehr and Goette, 2007; Dupas et al., 2015), and the growth of ridesharing has
provided another window into workers’ behavior (Angrist et al., 2017; Chen et al.,
2017). Yet, disagreement persists about the nature of workers’ daily labor supply (see
most recently Buchholz et al. (2023) and Thakral and T6 (2017)).

This paper’s primary contribution is to reconcile these disparate findings. I evince
that workers’ labor supply is neoclassical when they know their wages precisely, but
uncertainty gives rise to heuristics and labor supply biases. This is an application of
an influential literature studying decision-making under uncertainty (Kahneman and
Tversky, 1974, 1979). I use a forward-looking instrument for the wage rate, a point
emphasized by Buchholz et al. (2023), which gives the general impression of neoclas-
sical behavior. However, when uncertainty is severe, labor supply is consistent with
targeting behavior. To my knowledge, this is the first paper to trace out an empirical
labor supply curve reminiscent of reference dependence.

Further, this paper’s description of daily labor supply fits the largely negative re-
sults on reference dependence found using field experiments (Andersen et al., 2014;
Fehr and Goette, 2007). While these studies induce random variation in workers’
wages, they simultaneously tend to introduce certainty; a point is made of explaining
the experiment’s treatment to subjects. Analogously, surge pricing on Uber triggers
neoclassical behavior because the subsequent wage variation is explicitly known by
drivers (Chen et al., 2020).

The paper’s hypothesis also offers a way to study the normative implications of
daily labor supply under the assumption that workers reveal their true preferences
when they are fully informed of their choices (i.e., when wages are predictable) (All-
cott et al., 2019; Bernheim and Taubinsky, 2018; Mullainathan et al., 2011). In doing
so, I derive a novel approximation for the average marginal bias of suboptimal labor
supply that assumes limited concerns over income and leisure, which enter utility ad-

ditively. The expression is broadly applicable to other continuous choice settings.

This paper proceeds as follows: section 2 describes the data and institutional set-
ting, section 3 presents estimates of the Frisch elasticity of daily labor supply, section
4 uses a control function to trace out the shape of workers’ labor supply, section 5

theoretically derives welfare losses when labor supply deviates from the optimum,



section 6 quantifies welfare losses due labor supply biases, and section 7 concludes.

2 Empirical Setting and Data

This section discusses the institutional details of the empirical setting and the data

available, as well as presenting some summary statistics for the analysis sample.

2.1 Institutional Details

This paper uses data from a private hire taxi firm in London. The firm leases cars to its
self-employed drivers, who are allocated jobs to complete via an application on their
mobile phone, which they can log in to work on at any time.> Jobs are requested by
customers either on another application or over the phone. The car can be used for
leisure but not for other commercial purposes, such as serving competing ridesharing
platforms. As a result, there is no conflation between intensive margin labor supply
responses and switching between other work (Caldwell and Oehlsen, 2018).

Jobs are allocated by a central computer system, which ranks a number of the
closest cars according to how suitable they are for the job. The suitability of a car is
determined by a number of factors, including distance to pick up, the size of the car,
and whether the car is currently occupied. The top-ranked car is then allocated to the
job.% De jure, drivers can decline a job, but it is rare because they are disadvantaged
in future job allocations, and the destination of a job is not visible to drivers, meaning
there is little basis for doing so.

Drivers are paid by the job and generally receive around 60 percent of the fare
the customer pays. The fare is primarily determined by the distance of the journey,
though it varies slightly with the type of job, the number of passengers, the number
of stops, the time of day, and the location of the job.” There is neither separate com-
pensation for the duration of a job nor any dynamic pricing. For some jobs, a value-
added tax of 20 percent of the total transaction value is payable, and drivers must pay
their share of this from the fare they receive, which I account for in the analysis below.

Drivers’ earnings are paid out on a weekly basis by the firm.

5A typical lease lasts for 12 weeks. Over the span of this data, the average cost of a lease is around £200
per week. The cost of a lease includes various maintenance costs and commercial insurance for the driver.

6Drivers can also sign up for pre-booked rides, but this is only done for the first job in a shift because
drivers cannot ensure they will be sufficiently close to complete other pre-booked jobs on time.

7Alinear regression of the passengers’ fares on distance interacted with a dummy for the fare schedule
yields an R-squared of over 0.8. The type of job is affected by the type of car requested and supplied (e.g.,
Ford Galaxy or Toyota Prius) and the customer (e.g., corporate client or individual customer).



2.2 Data

I observe job-level data from January 2014 to December 2019, which is electronically
recorded from drivers’ phone applications. Each job observation contains informa-
tion on the driver’s identity, the customer’s fare, the start and finish time of the job,
and the start and finish location, among other variables. I construct driver payments
using a series of documents that describe the commission the firm deducted from
customer fares over time. Using information from the UK equivalent of a FOIA re-
quest, I code whether a job occurred during a London Underground strike.

The raw data is cleaned analogously to Haggag and Paci (2014).2 Broadly, this pro-
cess removes shifts if they contain anomalous variables, are missing key variables, or
are canceled. I follow the literature and aggregate job-level data into shifts by allo-
cating jobs to the same shift if the same driver completes them and there is no break
longer than six hours (Farber, 2015; Thakral and T6, 2017). Then, I remove shifts that
contain anomalous variables. Shift length is the difference in time between the start
of the first job and the end of the last job, where I also deduct the excess duration of
the breaks that exceed an hour.’ Wages equal income divided by shift length.

To construct the study sample, I impose two restrictions on the data, which allow
all the analysis to be conducted on one sample. First, drivers must have completed
a shift during at least one Underground strike. Second, a shift must occur alongside
at least one other shift.!® This ensures the CMW, LOMW, and a measure of wage risk
can always be calculated. This leaves over three million shifts driven by 5,500 drivers.
Comparing variable means between this sample and the complete data in table Al

indicates there is no meaningful selection.!!

2.3 Summary statistics.

Table 1a presents summary statistics at the job level. The typical job lasts half an hour
with a standard deviation of 19 minutes. During this time, an average job covers 13
kilometers, and the driver receives £17. Table 1b displays shift-level summary statis-
tics. On average, a shift lasts seven hours, which rises by 1.5 hours when excess break
time is not deducted. The mean shift wage is £16 per hour. With shift length, this
translates to a typical daily income of £104. Lastly, figures 1a and 1b illustrate the dis-

8Further details are provided in appendix A.
9This provides a more accurate picture of labor supply, and results below are robust to this adjustment.
101 define “alongside” using a measure of time and space in subsection 3.2.
HThe age differences between samples arise mechanically because the Underground strikes occurred
relatively late on in the data.



Table 1: Summary Statistics

(a) Job Summary Statistics

Statistic Mean St.Dev. Pctl(25) Median Pctl(75)
Job time (minutes) 34.31 18.88 20 32 44
Job distance (kilometers) 12.72 13.43 4.45 7.96 15.94
Driver fare (£) 17.28 13.58 8.41 12.54 21.20

(b) Shift Summary Statistics

Statistic Mean St. Dev. Pctl(25) Median Pctl(75)
Number of jobs 6.25 2.50 4 6 8
Shift length (hours) 6.81 2.50 4.86 6.62 8.51
... with breaks (hours) 8.34 3.15 5.94 8.22 10.55
Shift income (£) 104.04 44.96 70.90 98.60 130.80
Shift wage (£/hour) 15.54 4.61 12.23 14.88 18.11

Notes: Table (a) presents summary statistics for the job-level data after data cleaning. Table (b) presents
summary statistics for the shift-level analysis sample after data cleaning.

tribution of shift start and end times, respectively. Shifts most commonly start either
early in the morning (e.g., around 6 am) or late in the afternoon, while shifts typically

end at 5 pm or midnight. Shift end times are more diffuse than shift start times.

3 The Frisch Elasticity of Daily Labor Supply

This section takes a variety of approaches to estimate a Frisch elasticity of daily la-
bor supply. It uses a natural experiment, London Underground strikes, and a new
instrumental variable, the continuation mean wage, to isolate exogenous variation in
drivers’ wages. Both strategies yield a positive Frisch elasticity close to one. However,

heterogeneity analysis suggests this depends on the extent of wage risk: the more



Figure 1: Shift Start and End Times
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Notes: These figures present the empirical distribution for shift start and end times in the analysis sample.

risky drivers’ wages, the lower the Frisch elasticity estimate.

3.1 London Underground Strikes

London Underground strikes serve as a natural experiment to estimate a Frisch elas-
ticity. They generally stimulate the demand for private hire taxis, which increases
wages while leaving labor supply otherwise unchanged. That is, wages tend to rise
because drivers spend a larger share of time carrying passengers. Given that strikes
are short-lived, the marginal utility of income is likely constant, so this variation iden-
tifies a Frisch elasticity of daily labor supply.

Information on Underground strikes has been provided online by Transport for
London (TfL) thanks to a Freedom of Information request, and I verified reported
dates by checking historical media coverage.!? Table 2 documents the first-stage ef-
fect of these strikes on the log wage. The table reports the average and individual
effect of Underground strikes. This and all subsequent specifications include driver
fixed effects and dummy variables for day of the week-month-year interactions, a

coarsened measure of the start time of the shift (e.g., early morning, afternoon rush

12Some of the strikes were canceled (e.g,, a strike by the National Union of Rail, Maritime and Transport
Workers (RMT) on 05/24/20144), and some were too short to plausibly impact driver wages (e.g., a strike
from 21:30 on 03/07/2015 to 04:00 on 03/08/2015, again, by the RMT).



Figure 2: Strike First Stage Coefficients
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on individual strike dummy variables.

hour, efc.), bank holidays, and Ramadan because a large share of drivers are Muslim.

Strikes have a modest, statistically significant effect on wages. The average strike
raises wages by just over one percent, but this masks large heterogeneity. For exam-
ple, the strike in April 2014 caused a seven percent increase in wages, while three
strikes discernibly reduced the wage, likely due to their impact on traffic. Under-
ground strikes increase traffic, as well as demand, because TfL provides more buses
and people commute in their own vehicles. Drivers are not compensated for the in-
crease in travel time, which can outweigh the increase in demand.

Given the relevance of Underground strikes for wages, the validity of the approach
requires that strikes must not affect labor supply other than through their effect on
the wage rate. Commonly cited reasons for Tube strikes are poor pay and working
conditions. Itis not obvious why these concerns should relate to drivers’ labor supply.

However, the determinants of strike timings may be different from their fundamental

10



cause. Strikes may be set in order to cause maximum disruption, corresponding to
when drivers cannot easily respond to an increase in demand.!® This would attenuate
positive labor supply responses. Ex post, this concern seems limited because of the
large behavioral elasticities I estimate.

I consider two specifications for using Underground strikes as an instrument for
the wage. First, a single dummy variable denoting a strike, and second, a series of
strike-specific dummies. The single dummy estimate can be seen either as reflect-
ing a constant treatment effect or as a LATE under the conditions from De Chaise-
martin (2017), which are weaker than the standard monotonicity requirements that
are likely violated given the heterogeneous impacts of strikes (Angrist et al., 1996). A
single dummy also benefits from the results in Angrist and Kolesar (2024), which sug-
gest attractive properties of just identified IV. The strike-specific instrument recovers
a LATE under the conditions in Mogstad et al. (2021).

Table 2 presents the results from an OLS estimator in the first column. This es-
timate is negative, reflecting several sources of bias: division bias, correlated shocks
to supply and demand, and aggregate shocks to labor supply that reduce wages for
all drivers. Column two instruments for the wage with a uniform strike dummy vari-
able, and column three instruments for the wage with strike-specific dummy vari-
ables. The F statistic for both instruments is large.

Unlike the OLS estimator, the estimates using 2SLS are positive and large because
they circumvent the aforementioned sources of bias. As shown in table 2, instru-
menting for the wage with a single strike dummy leads to a Frisch elasticity estimate
of one, while using strike-specific dummies produces a larger estimate equal to 1.3.
The difference between these numbers is statistically and quantitatively small. More-
over, these magnitudes align very closely with experimental results from Uber drivers

in Angrist et al. (2017).

3.2 The Continuation Mean Wage

Underground strikes provide a useful window to study driver behavior, but their rare
and binary nature makes it hard to investigate labor supply further. To resolve this,
I develop a new instrument for drivers’ wages: the continuation mean wage. For a
driver-shift observation, the CMW is the average wage of drivers who start their shift

at the same time and place as the respective driver ends theirs. In other words, it is

13Gee, for example, https://www.telegraph.co.uk/news/2017/01/08/government-accuses-union-
bosses-co-ordinating-transport-strikes/.
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Table 2: log(Shift Length) Regressions

OLS Strike StrikeS LOMW CMW
log(Shift wage) -0.15 1.01 1.26 0.17 0.93

(0.00) (0.16) (0.08) (0.01) (0.03)
1st Stage F-Statistic - 146.54 40.68 118,265.1 59,479.23
N 3,125,972 3,125,972 3,125,972 3,125,972 3,125,972
RMSE 0.335 0.428 0.465 0.343 0.417

Notes: This table presents estimates of the coefficient from linear regressions of shift length on the shift
wage in natural logarithms. Column one uses an OLS estimator, and columns two to five use a 2SLS es-
timator. Column two uses the single strike dummy as an instrument, column three uses strike-specific
dummies as an instrument, column four uses the LOMW as an instrument, and column five uses the CMW
as an instrument. The first-stage F statistics for the instruments are reported, as are the sample sizes and
RMSE of the estimators’ predictions. Standard errors are in parentheses and are clustered at the driver
level.

the wage the driver would expect to receive if they decided to continue their shift.

This variable requires defining “time” and “place”. To discipline the approach, I
use pre-existing measures of each. The firm creates a coarsened measure of time
called the shift type, which breaks the day into eight blocks,'* and UK postcode areas
provide a convenient geographical unit. The top eight most common postcode areas
to start and end a shift in are presented in figures 3a and 3b, respectively. Finer mea-
sures of time and place run into problems with sample size, but the results below are
robust to alternative time blocks.

The CMW has two key advantages over a popular alternative instrument for drivers’
wages, the leave-out mean wage. First, the CMW isolates variation in wages that per-
sists after a driver’s shift. This is the relevant quantity for drivers to compare with their
marginal rate of substitution between income and leisure when making their labor
supply choices. Conversely, the LOMW contains variation in wages that has passed
and is no longer relevant for workers’ decisions at the margin. Second, labor sup-
ply shocks may be correlated across workers, and to the extent they are, the LOMW
remains contaminated with shifts in labor supply as well as demand. This issue is

less likely to affect the CMW because it leverages variation from drivers who have not

14The bins are: [12:00 AM, 5:00 AM), [5:00 AM, 9:00 AM), [9:00 AM, 5:00 PM), [5:00 PM, 7:00 PM), [7:00
PM, 9:00 PM), [9:00 PM, 12:00 AM).
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Figure 3: Top Postcode Areas
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Notes: These figures show the fraction of shifts starting and ending in postcodes with a greater than five
percent share.

made the same extensive margin decision.

These advantages are evident from the estimates in table 2. While the LOMW in-
strument yields a positive coefficient in column four, it implies a materially smaller
behavioral response than the Underground strikes. Conversely, the CMW estimate in
column five is statistically indistinguishable from the single dummy instrument for
strikes in column three.!® This supports the exogeneity of the CMW as an instrument
for drivers’ daily wages, and the F-statistic confirms it is highly informative. There-
fore, there exists a valid source of exogenous wage variation that can be readily con-

structed from observational data, which contains ample variation.

3.3 Heterogeneity by Wage Risk

Given the additional variation contained in the CMW, it is possible to examine het-
erogeneous behavioral responses to wage shocks. In particular, I study how the Frisch
elasticity of daily labor supply changes depending on the uncertainty in the wage that

drivers face. This focus follows from the literature’s reliance on reference-dependence

15A5 a robustness check, I control for the distance between the end location of a driver’s final job and
their home. This is not always observable and hence not included in the primary specification. When
it is included, the CMW estimate increases and falls between the two strike estimates, which are almost
unchanged from the inclusion of the new control.
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to explain estimates of negative Frisch elasticities and the fact that this theory’s ori-
gins lie in decision-making under risk (Kahneman and Tversky, 1979).

To quantify wage risk, I measure the standard deviation of wages among drivers
who begin their shifts at the same time and place, which are defined analogously to
the formulation of the CMW. Figure 4 presents the distribution of wage risk across
shifts. The modal standard deviation is around £4 per hour. Intuitively, by looking at
peers, it is possible to infer the wage risk a driver faced when they began their shift.
A driver would have received the wage of another driver who began working at the
same time and place, were they not allocated different jobs.'6

Figure 5 shows an estimate of the Frisch elasticity for each quintile of the wage
risk distribution using the CMW as an instrument. These coefficients come from fully
interacted models to avoid omitted variable bias (Feigenberg et al., 2023). A clear pat-
tern emerges where drivers are less responsive to higher wages when they are exposed
to greater wage risk. Consistent with the CMW estimates in table 2, the middle quin-
tile implies a Frisch elasticity of around 1.2, while the lowest wage risk quintile gives
an estimate slightly about 1.5. Conversely, labor supply responses are all but mute in

the riskiest wage quintile.

3.4 Discussion

A neoclassical model of labor supply cannot readily explain these patterns; reason-
able degrees of risk aversion would predict only a negligible impact on the respon-
siveness of hours to wages as uncertainty increases. Conversely, prospect theory pre-
dicts that when wages are uncertain, drivers will use heuristics and exhibit behavioral
biases, like income targeting (Kahneman and Tversky, 1974, 1979). This theory builds
on two observations. First, people’s decisions consider changes relative to a reference
point. Second, individuals dislike lotteries that are neutral in expectation, but when
forced into lotteries, they prefer smaller stakes.

Together, these phenomena imply a kinked utility function that generates a non-
monotonic labor supply function. This poses an econometric challenge for the anal-
ysis above, which postulates a linear conditional expectation connecting hours and
wages in natural logarithms. In other words, the decline in the Frisch elasticity when
the wage is uncertain may reflect a differently shaped, as well as sloped, labor supply

function. Section 4 deals with this issue by semi-parametrically estimating drivers’

161n the empirical implementation, this logic is bolstered by the fact that it is conditional on driver fixed
effects and other controls.
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Figure 4: Standard Deviation of Shift Wages

60000 1

40000

Count
|

20000

0 5 10 15
SD shift wage (£/hour)

Notes: This figure is a histogram of standard deviations in wages calculated at the postcode-shift type level.
In the calculation, the denominatoris n — 1.

Figure 5: Frisch Elasticity by Wage Risk
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Notes: This figure presents estimates of the Frisch elasticity by quintiles of the wage risk distribution anal-
ogously to the coefficient in column five of table 2.
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behavior.

This argumentation also has normative implications; if transitory uncertainty in-
duces the impression of different weightings for gains and losses, then it is unlikely
to reflect normative preferences. Why would a driver’s trade-off between a dollar and
an hour of leisure vary with the variance in the distribution of wages they may have
received? It is not impossible to formulate an answer to this question, but it is also
plausible that drivers would rather behave as they do without heuristics, where they
make an informed and deliberate choice. In sections 5 and 6, I pursue this logic to
infer welfare losses by comparing labor supply when the wage is risky to when it is

stable.

4 The Daily Labor Supply Function

This section estimates drivers’ labor supply function without placing restrictions on
the shape of the relationship between hours and wages. To do so, I use a control
function in combination with new non-parametric tools. The results imply that dur-
ing low-risk shifts, drivers’ labor supply function is neoclassical and all but isoelastic.
However, when wage risk is high, hours are non-monotonic and resemble reference-

dependent labor supply.

4.1 Estimation

To deal with the endogeneity of drivers’ wages, I use the CMW to construct a control
function (Wooldridge, 2015). This necessitates stronger assumptions than those in
section 3 because consistency requires that unobserved variables confounding labor
supply are mean independent of the CMW. To test the plausibility of this more strin-
gent assumption, I compare the Frisch elasticity of the labor supply function implied
by the control function approach with results from the 2SLS estimator. They are very
close, suggesting that this stricter requirement is satisfied.

Estimating drivers’ daily labor supply function with a control function is done in
several steps. First, I create residualized versions of the shift length, wage, and CMW
variables by regressing them on all of the controls fully interacted with dummies for
the quintile of wage risk. Then, I add their respective means so the variables are at the
appropriate level. This ensures the subsequent analysis is conditional on the com-

plete battery of controls used in the previous sections. Below, I assume the variables
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are residualized but do not refer to them as such for brevity.

Second, I regress the wage on a full interaction between the CMW and dummies
for quintiles of the wage risk distribution. Using the parameter estimates, I construct
the predicted error. Multiplying this variable with a constant parameter, which needs
to be estimated, yields the control function in the next step. It is possible to construct
a more flexible (e.g., quadratic) control function by computing the square of the pre-
dicted error, and the results below are robust to this approach.!”

The third and final step is to estimate drivers’ labor supply function for different
quintiles of the wage risk distribution. Denoting shift length, wages, and the pre-
dicted error as h, w, and ¢, respectively, I consider estimating coefficients in the equa-

tion,
hi,s = f(wi,s; 07’(9)) + ﬁr(s) “€is + Uis, 1)

where i denotes an individual driver, s represents a particular shift, and the function
r(e) determines the wage risk of a shift. The term 3, - £,(4) is the control function.
Note that setting f(x;0) = 0 - « and estimating equation (1) with OLS is numerically
equivalent to a 2SLS estimator with the CMW instrumenting for the wage.

Following Cattaneo et al. (2024), I set f(x;0) = 6 - b(z), where b(e) is a series
of basis functions consisting of indicators that partition the wage into different bins.
Therefore, f(e) is a function that is linear in constant coefficients but non-linear in
the function’s argument. Practically, I estimate equation (1) in R with the binsreg
package, which minimizes the mean squared error, separately for each quintile of the
wage risk distribution.

This strategy is essentially non-parametric in the relationship between hours and
wages and can speak to the different functional forms predicted by non-neoclassical
theories of labor supply. Importantly, it avoids the sensitivity of polynomial estimates
to extreme values, which makes it possible to infer the slope of the labor supply func-
tion reliably at high or low wages. This is particularly important when trying to infer
reference-dependence from the data, which implies a rising labor supply function
when the wage is at either end of the distribution but a negative slope for an interme-

diate range of the wage.

17Tn doing so, it is necessary to square both sides of the original regression equation and estimate this
new equation so as not to neglect Jensen’s inequality. However, this approach is not without loss because
it implies more structure on how the control variables from the first step affect wages and hours. Hence, it
is not used in the main specification.
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Figure 6: Labor Supply Function by Wage Risk
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Notes: This figure presents predictions of labor supply as a function of wages for each wage risk quintile,
using estimates from the control function method described in subsection 4.1.

4,2 Results

Figure 6 presents predictions of shift length as a function of the wage for different
wage risk quintiles. The first three wage risk quintiles exhibit large and monotonic
behavioral responses to increases in the wage rate. Running a log-log regression of
hours on wages from the first quintile labor supply function implies a Frisch elasticity
consistent with the strike estimates from table 2. Moreover, the R-squared exceeds
0.95, suggesting an isoelastic functional form. Therefore, this analysis paints a picture
of behavior consistent with neoclassical labor supply when wages are predictable.
Conversely, labor supply in the top wage risk quintile is non-monotonic. It in-
creases with the wage rate for low and high wages, but there is an intermediate range
in which workers’ hours decrease as their hourly earnings increase. This is most ap-
parent when the fifth quintile labor supply function is presented alone, as in the blue
line in figure 7. These changes in slope are highly statistically significant using the
confidence bands constructed in the binsreg package (Cattaneo et al., 2024).
Behavior in the fourth quintile of uncertainty lies between this seemingly behav-

ioral labor supply function and the neoclassical decision-making from less risky wage
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quintiles. Therefore, the non-parametric results from this section are in line with the
heterogeneous Frisch elasticity estimates from linear regressions shown in figure 5.
However, the most striking feature of figure 6 is how the shape of drivers’ labor supply
changes with uncertainty.

In particular, behavior in the riskiest quintile resembles reference-dependent la-
bor supply. For example, a simplified version of gain-loss utility from prospect theory
with a reference point over income would, theoretically, yield a qualitatively identical
function (DellaVigna, 2009). In section 6, I show that estimated non-monotonic be-
havior is quantitatively consistent with two groups of drivers, one targeting income
and the other targeting hours.

The following sections investigate the welfare consequences of this behavioral
phenomena. I maintain the normative stance that behavior in low-wage risk quin-
tiles reflects workers’ genuine preferences over income and leisure, while labor sup-
ply when the wage is risky is biased and the consequence of heuristics that emerge

because of uncertainty.

5 Behavioral Welfare Theory

Motivated by the empirical evidence in sections 3 and 4, I theoretically derive the
welfare losses of workers who deviate from their optimal labor supply function. The
expression, which I call the behavioral welfare expression (BWE), reveals the losses
associated with biased labor supply as a wedge in the intratemporal optimality con-
dition.'® Further, a small number of readily estimable sufficient statistics comprise

the BWE and map to familiar labor supply elasticities.

5.1 The Environment

Drivers derive utility from consumption ¢ and disutility from hours worked h accord-
ing to a utility function U(c, h) subject to a budget constraint ¢ < w - h + I, where w
is the wage rate and I is an exogenous, additional source of income. This implicitly
assumes that workers have limited concerns over consumption and leisure. I impose
standard conditions on the shape of the utility function and signs of the variables,

and I omit exogenous income below since it is not important for what follows.

18The BWE relates closely to a continuous generalization of expressions for changes in consumer sur-
plus stemming from a price change of a binary good (Allcott and Taubinsky, 2015), as shown in the ap-
pendix B.
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Labor supply is suboptimal because drivers suffer from biases, which leads to two

decision rules for consumption and hours, respectively,
{e(w), h(w)} € B(w), )

where B(-) is the choice set defined by the budget constraint inequality. If drivers
were to behave optimally, then they would follow two optimal rules for consumption

and hours, respectively,
{e*(w),h*(w)} € argmaxy, pyepw)U(c, h). 3)

The object of interest is a money-metric measure of the change in utility due to a
change from biased to optimal labor supply
U(c*(w), h*(w)) — U (é(w), B(w))

_ )
AU(w) = U, (e(w), h(w)) ' @

This quantity varies with the wage rate. Therefore, I treat the wage as a random vari-

able and consider the expected change in utility from a move to optimal behavior
AU =E, [AU(w)], )

where E,, [e] is the expectations operator that integrates over the distribution of wages.

5.2 Behavioral Welfare Expression

The theorem below presents an approximation of equation 4 that is estimable with
a small number of sufficient statistics. Moreover, the sufficient statistics are familiar

labor supply elasticities that can be taken “off the shelf”.

Theorem 1 (BWE). If the utility function is additively separable in consumption and

hours, AU (w) can be approximated to second order as

AU (w) ~Ac(w) — E -n(w) - Ag((;u))

— MRS(w) - Ah(w) + % - AMRS(w) - Ah(w), (6)
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where,

MRS(w) = 20wy Ah(w) = h*(w) — h(w),
AMRS(w) = — M8 A, A(w) = W
p(w) = -0 ) A ) = e (w) - ow).
Proof. See appendix B. O

Writing consumption solely as earned income, the approximation is made up of

three intuitive components,

AU (w) = (w — MRS(w)) - Ah(w) + % - A(w — MRS(w)) - Ah(w)...
Wedge

= L ent)- ) (ALY

c(w)

Change in wedge

Income effect

which highlight the source of welfare losses. In particular, a wedge in the workers’
intratemporal optimality condition and an income effect. Consider a day when the
wage is high, and a driver works less than the optimal amount. The Wedge term cap-
tures foregone income corrected for the cost of earning this income. The Change in
wedge term modifies the Wedge term because the cost of earning income increases
with hours already worked, and the Income effect corrects the Wedge term again for
diminishing marginal utility of consumption.

To see how this plays out in expectation, consider a simple labor supply heuristic:
perfect income targeting. Under this heuristic, drivers work until they earn their in-
come target. Consequently, the elasticity of hours with respect to wages is minus one.

Abstracting from second-order terms in equation (6) and taking expectations yields

Ew [(w — MRS(w)) - Ah(w))] =Eu [(w — MRS(w))] - Ey [Ah(w)] ...
...+ Cy [(w — MRS(w)), Ah(w))],

where C,,[] is the covariance operator integrating over the distribution of wages. For
further intuition, assume that the income target rule ensures E,, [(w — MRS(w))] ~ 0
(i.e., drivers’ intratemporal optimality condition holds on average).

Then, the welfare losses of this labor supply bias depend only on the covariance
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term. Under perfect income targeting, this is positive because when the wage is high,
drivers reach their income target quickly and work too little relative to the optimum—
Ah(w) is positive, and the wedge between the wage and MRS is large. Conversely,
when the wage is low, drivers work more than is optimal to reach their income target,
so Ah(w) is negative, and the MRS exceeds the wage so that the wedge is negative,
too.

This highlights the generic inefficiency of perfect income targeting; it causes a
costly covariance between hours worked and the wedge in the intratemporal optimal-
ity condition. Consequently, if a worker were to pick between perfect income target-
ing or perfect hours targeting, it is advisable for the worker to pick the latter because
it does not induce this costly covariance. In reality, targeting behavior is not neces-
sarily perfect; it depends on the extent of reference dependence. However, keeping
the severity of targeting fixed, this result suggests that training workers to target hours
rather than income may be beneficial.

Lastly, it is worth discussing the implications of using either a first- or second-
order approximation for welfare losses. A first-order approximation provides an up-
per bound on welfare losses from suboptimal behavior because it does not correct for
the increasing (or decreasing) disutility of working more (or less) to correct biases. On
the other hand, a second-order approximation corrects for changing disutility from
hours worked, but the correction can be too big or too small such that the first-order
approximation may be more accurate. Consequently, both approaches provide useful

information on the state of welfare losses.

6 Welfare Analysis

The empirical and theoretical evidence in this paper can be brought together to con-
duct a welfare analysis of drivers’ labor supply decisions. Intuitively, this entails com-
paring optimal and biased labor supply and mapping these deviations to a money
metric for welfare losses. In this section, I discuss the estimation and the magnitude

of losses due to biased labor supply under a variety of conditions.

6.1 Estimation

Table 3 summarizes the different ingredients necessary for welfare analysis using equa-

tion (6). In this subsection, I discuss these different components and their estimation.
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Table 3: Ingredients for BWE in Expectation

Notation Object Reference
h*(w) Optimal labor supply Figure 6

h(w) Biased labor supply Figure 7

v(w) = v Frisch elasticity Figure 2

n(w) = n Marshallian elasticity Ashenfelter et al. (2010)

MRS(w) =6 - h(w)” Level parameter Figure 6
v Share hours targeting Table 4

f(w) Wage distribution Figure 8

Notes: This table presents the different elements that go into the computation of welfare losses using equa-

tion (6) and provides references for them within the paper.

Labor supply. 1specify optimal labor supply 2*(w) equal to the function from figure
6 under the lowest quintile of wage risk. For biased labor supply i (w), I consider two
scenarios. First, drivers all follow the same labor supply curve given by the function
in figure 6 for hours in the fifth quintile of wage risk.

Second, I posit that drivers use either an hours- or income-targeting labor supply
rule when the wage is most uncertain. Specifically, I assume workers determine their

hours according to either

1
((1""‘;5)'11/) w<w
ﬁz(w): o w<w<w ()
1
((1_3"’)1")7 w > W
or
1
((1—Zh).a) WS w
hy(w) = Th w<w<w (8)

S
Vv
&

w
( (1+O¢h,)~0>

where o and r; V j = h,4 denote the strength of gain-loss utility and the reference
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Figure 7: Model Fit
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Notes: This figure plots the estimated prediction of labor supply under the fifth wage risk quintile in blue
and the structural model’s prediction in red.

point, respectively, for the hours- and income-targeting heuristics. These rules fol-
low from the Farber (2008) adaptation of reference dependence in K6szegi and Rabin
(2006).'° Importantly, both the hours- and income-targeting rule collapse to an isoe-
lastic labor supply function absent reference dependence (i.e., when ap = a; = 0).
The share of drivers who follow income-targeting is given by v.

To estimate «;, 7; V j = h,i and v, [ set 1/ and @ as the slope and the level pa-
rameter, respectively, from a log-log regression of hours on wages from the optimal
labor supply function. The regression has an R-squared in excess of 0.95. There-
fore, this corresponds to the situation where biased behavior is essentially optimal
if a; V j = h,iis estimated to be zero. Then, the reference dependence parameters
are selected to minimize the distance between the implied aggregate labor supply
function h(w) = v - hi(w) + (1 — v) - hy,(w) and labor supply under the fifth wage
risk quintile. Figure 7 shows that the model fits the data well and table 4 presents the
parameter estimates.

Estimating the structural model reveals that the majority of drivers pursue an

197 present the decision utility functions that microfound these labor supply curves in appendix B,
alongside the definitions of the thresholds w, @, w, and .
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Table 4: Structural Parameter Estimates

Labor supply target j Gain-loss strength o;; Reference Point r;

Hours h 0.78 6.7
Income ¢ 0.31 130
0 =3.64 ~v =0.76 v =0.16

Notes: This table presents structural parameter estimates from minimizing the squared error between the
red and blue points in figure 7. The parameters 6 and ~ are calibrated outside of this estimation.

hours-targeting labor supply function when the wage is risky. Precisely, 85 percent
of drivers follow this rule of thumb. These drivers have a reference point of 6.7 hours,
and their reference dependence is very strong, so that on average they hit this tar-
get at all wage rates. The minority of workers who implement an income-targeting
heuristic have a reference point of £130 and a moderate degree of reference depen-
dence, so their labor supply is only downward sloping for an intermediate range of

wages between £15 and £20.

Normative parameters. In the structural labor supply model above, the Frisch elas-
ticity % and level parameter 6 are held constant, which is a normative statement be-
cause these objects are selected to reflect optimal labor supply. For example, it im-
plies the convexity of workers’ disutility from hours is constant. Two factors support
this choice. First is the fact that the optimal labor supply function is all but isoelastic.
Second, this is an approximation rather than a strong assumption since it amounts to
holding some elements of equation (6) constant.

Treating n(w) as constant, too, noting, again, that this is an approximation, has
convenient implications. In particular, it implies that the MRS is given by 6 - ¢(w)" -
h(w)?. This is without loss.?? Therefore, adding an additional assumption that con-
sumption is fixed (i.e., workers smooth their consumption), discussed below, sup-
ports setting the MRS equal to 6 - h(w)?, as in the structural estimation.

Still, calculating the income effect component of equation (6) requires 1. For-
tunately, combining the Frisch elasticity with a Marshallian elasticity identifies this

parameter.?! There is no permanent wage variation to estimate an uncompensated

20[n other words, {n(w), y(w)} = {n,7} <= MRS(w) =0 - c(w)" - h(w)"
21This follows from the fact that labor supply responses to a permanent change in the wage rate are
made up of both income and substitution effects.
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elasticity in this setting, so I use the value of -0.2 from (Ashenfelter et al., 2010). This
estimate leverages a taxi fare change for New York City, which lead to a permanent

change in drivers’ earnings. This implies a value of n equal to 1.44.

Consumption. [ also consider two alternative scenarios about consumption, which
is unobserved in the data. First, drivers’ consumption equals their average income
across all shifts. Under this assumption, income from high-risk shifts makes up only
one-fifth of consumption. Consequently, correcting suboptimal behavior during these
shifts has a more muted effect on consumption. Second, I assume that consumption
is solely comprised of income during high-wage risk shifts. This corresponds to a situ-
ation where drivers are consistently biased and, therefore, gives a sense of the severity
of biases. In particular, the estimates from this case do not depend on the variance of

wages observed in this precise setting.

6.2 Results

To begin, for illustrative purposes, I present welfare losses for different wage rates
according to equation (6), where biased labor supply equals the control function es-
timate from figure 6, and consumption depends entirely on daily income (i.e., there
is no consumption smoothing). The losses for this naive but instructive case are in
figure 8. Welfare losses are near zero at the mean wage because biased and optimal
labor supply almost coincide. However, when wages deviate significantly, behavior
is suboptimal. For example, a one standard deviation increase the wage from causes
welfare losses of around £10, which grow quickly thereafter.

Table 5 presents results for the more plausible situation where consumption is
smoothed by workers. To read the table, each row corresponds to an assumption
about biased labor supply. The first row assumes that workers determine their hours
according to the semi-parametric control function model estimate when their labor
supply is biased. The second and third rows present results for hours and income
reference-dependent drivers, respectively, as estimated from the structural model.

The first two columns present expected changes in income and hours worked
from correcting biases for shifts when labor supply is indeed biased. Reverting to
optimal labor supply yields considerable returns for all variants of biased labor sup-
ply as measured by the ratio of average income changes to average hours changes.
For example, an aggregate labor supply bias implies that workers could work 16 more

minutes in expectation and expect to earn an additional £12 over the course of a shift.
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Figure 8: Welfare Losses
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Notes: This figure presents the empirical wage distribution in red bars and welfare losses at a given wage
rate, assuming one-to-one pass through with consumption, in blue.

At an extreme, income targeters would reduce the number of hours they expect to
work while increasing their expected income.

Next, columns three and four present welfare losses under the assumption that
consumption equals the average of income across all shifts for both the first and
second-order approximation of the BWE. Reiterating the discussion from section 5,
the first-order approximation provides an upper bound on welfare losses, while the
bias in the second-order approximation is unclear because it may over- or under-
correct for curvature in the utility function. Regardless of the approximation, welfare
losses are small and roughly equal to one percent of income.

The small welfare losses associated with this scenario arise for two interrelated
reasons. First, behavior is not biased very often. It is only twenty percent of shifts
when the wage is sufficiently risky to trigger workers’ biases. Second, as a result, con-
sumption is overwhelmingly determined by income earned from days when labor

supply is optimal. Therefore, the assumptions about consumption realistically, but
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Table 5: Welfare Losses

Ac = % -E[Ad] Ac = E[A{]

h(w) E[Ai]  E[AhR] AU-1%t AU-2" AU-1% AU-2"d
Aggregate 12 16 1.6 0.84 8.2 34
Hours targeting 14 20.4 1.7 0.83 12 7.4
Income targeting 7.1 -5.52 2.1 1.1 7.7 2.7

Notes: This table presents estimates of income and hours changes and welfare losses from correcting bi-
ased labor supply. Column one refers to the biased labor supply function under consideration in each
row. Columns two and three present the expected income and shift length changes, respectively, on shifts
where labor supply is biased. Columns four and five present first- and second-order approximations of
welfare losses, respectively, assuming driver behavior is only biased one-fifth of the time and consump-
tion is smooth. Columns six and seven present first- and second-order approximations of welfare losses,
respectively, assuming driver behavior is always biased and consumption is smooth. The third column is
measured in minutes, and columns two and four to seven are measured in GBP.

mechanically, attenuate estimates of welfare losses.

To quantify the severity of biases without this effect, columns five and six consider
the case where consumption is smooth, but behavior is always biased. Here, it is ap-
parent that drivers’ heuristics cause a material distortion away from optimal behavior
with major welfare consequences. Workers who target hours lose the most because
their strength of gain-loss utility is so high that they never respond to changes in the
wage. The estimates imply welfare losses of up to £12—over ten percent of average
income—for these drivers. Losses are smaller but still significant for income targeters
and workers who follow the aggregate biased labor supply function. For both of these
groups, the first- and second-order approximations imply losses roughly equal to £8
and £3, respectively.

To benchmark the economic importance of these losses, it is useful to compare
them with welfare costs from frictions and biases in other contexts. Drivers typi-
cally work 200 shifts a year, so the numbers in table 5 indicate annual losses some-
where in the range of £150 to £400. Handel and Kolstad (2015) find average losses
due to suboptimal health insurance choices, which are made annually, of approxi-
mately £1,200.00.22 These losses are notably larger than the most plausible results in
this paper, indicating that daily labor supply biases are not a major concern in this

particular context. However, losses from persistent labor supply biases could readily

22Handel and Kolstad (2015) model information frictions and hassle costs as the source of suboptimal
choice.
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exceed this benchmark, which suggests that reference-dependent labor supply may

be meaningfully costly in more volatile settings.

7 Conclusion

This paper examines the role of wage uncertainty in shaping daily labor supply de-
cisions and its normative implications. Empirically, London taxi drivers’ behavior
is consistent with a neoclassical model of labor supply when their wages are pre-
dictable. However, when wages are uncertain, labor supply is non-monotonic in the
wage and reminiscent of reference-dependent preferences.

I take a normative stance that labor supply choices reveal preferences when the
wage is known with near-certainty because workers can deliberately trade off income
and leisure. Under mild assumptions, this makes it possible to approximate welfare
losses from labor supply biases under a range of scenarios. Losses stem from workers’
failure to equalize the wage rate with their marginal rate of substitution.

The results suggest that the welfare impact of labor supply biases is likely small
relative to informative benchmarks. This is because the wage is rarely volatile enough
to trigger workers’ heuristics, which masks the severity of biases when they are in
action. If behavior was persistently biased, the evidence suggests the losses could be
as much as ten percent of average daily income.

These findings have implications for workers, contracting firms, and policymak-
ers, especially given the rise of gig work. Firms can mitigate their workers’ losses by
improving the predictability of wage fluctuations. However, this may not be profit
maximizing, in which case there is a role for policymakers to increase wage trans-
parency. Moreover, regulators should be concerned ex ante by labor markets that
exhibit a large variance in earnings. Lastly, the theoretical results have implications

for workers; ceteris paribus, hours targeting is less costly than targeting income.
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A Data Cleaning

The raw data is at the job level. In anticipation of a final shift-level dataset, I construct

shifts as thoroughly as possible by piecing together job-level observations. Then, I

drop shifts that contain anomalous job-level data or are themselves anomalous be-

cause, for example, they are unusually long. This ensures that the shifts observed

in the final dataset are reliable and does not introduce selection, provided anoma-

lous job-level data is randomly distributed across shifts. Through discussions with

the firm, it seems the anomalous data stems primarily from errors in measurement

due to hardware and software failures rather than driver behavior, which suggests this

assumption is reasonable.

To clean the data, I go through the following steps. First, I flag jobs where

The job was canceled,

The start time of the job is not observed (neither the arrival of the driver nor the

allocated time),

The completed time of the job and the duration of the job is not observed,
The job duration is missing or negative,

The fare or gross total transaction value is missing,

The job distance is missing,

The fare or gross total transaction value per kilometer falls below the 0.5 per-

centile or exceeds the 99.5 percentile of their distribution,

The job distance exceeds 160 kilometers,

The job duration is less than one minute or exceeds three hours,
The job distance is less than 500 meters,

The fare or gross total transaction value is below one GBP,

The waiting time fee or other fees exceed the 99.5 percentile of their distribu-

tion,
The service group is not a “standard car”,

The job is outside of London.

Second, I construct shifts by combining jobs completed by the same driver that has a

break of no longer than six hours. Third, I flag shifts where

The shift contains less than three jobs
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* The number of jobs per hour in the shift (including breaks) exceeds the 99.5

percentile of their distribution,

* Shift length (including breaks) is less than two hours or exceeds 18 hours.

Fourth, I drop jobs with flags or jobs in a shift with a flag. Fifth, I reconstruct the shifts

and their associated variables.

Table Al: Comparison of Sample Sizes and Means

Full  Analysis Robust
Number of jobs 6.2 6.22 6.24
Shift length w/o breaks (hours)  6.79 6.8 6.8
Shift length w/ breaks (hours) 8.33 8.33 8.31
Shift income (£) 106.94 105.83  104.69
Shift wage (£/hour) 16.01 15.83 15.66
Driver age 45.83 46.88 47.63

Notes: Comparison of variable means across samples.

B Theory

In this appendix, I prove theorem 1, derive an analogous expression for changes in

consumer surplus caused by price changes, and present the reference-dependent

utility functions used in the structural estimation in section 6.

B.1 Proofof Theorem 1

In order to derive (w) in terms of sufficient statistics, I make use of the fact that utility

is assumed to be additively separable in consumption and hours worked. To start, I

will work with consumption utility. I consider a change in consumption induced by

switching from a biased consumption rule to an optimal consumption rule at a given
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wage rate. I use a second order Taylor series approximation to show,
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which is in the same form as equation (6) without the simplified notation.

B.2 Change in Consumer Surplus Due to Price Change

In this subsection of the appendix, I consider the change in consumer surplus due
to a wage change from w’ to w but keep the biased policy rules that define behavior
constant. Take a second order Taylor approximation of the value function at wage w

around the wage v/,

V() =U (&(u), huw))

av(
dw

) ary 4 LEVE@)

~V(w') + 5 gz (w —w')?.

It is not possible to apply the Envelope theorem because the policy functions do not
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maximize utility, so,

W) Tty (o 0800

dw U. dw
Vv {dﬁ(w’) dh(w") ,d%(w’)} { , dh(w')1?
dw? =Ue dw + dw tw dw? + Uee | h(w') +w dw
d2h(w') {dl}(w’) } 2
.”+U}LW+Uhh dw .

where I have assumed additively separable utility in consumption and hours. Rear-

ranging the Taylor series approximation and substituting in the above yields:

Viw) = V(w')

1 L7 2
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i h w—|—2 h-Aw 5 % (Ahw)

)
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where n = %, v = hg:h, MRS = —g—’:, h = h(w'), Ah = h(w) — h(w'), Aw = w —w/,
¢ = é&w'), Ahw = h(w)w — h(w')w’, and A(w — MRS) = Aw — ~ - MRS . Ah. Relative to
the BWE, this expression incorporates the mechanical change due to the price change
as well as changes in the internalities. Further if the consumption and hours policy
functions were optimal rules, the wedge between the wage and the MRS would always

be zero such that equation (9) would collapse to the first line.

B.3 Reference-Dependent Utility

The reference-dependent labor supply functions are micro-founded by the following

utility functions
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