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Abstract  This paper investigates the daily labor supply decisions of Hangzhou 
cabdrivers. We find that Hangzhou cabdrivers’ wage elasticity is significantly 
positive, their working decisions are largely affected by shift time, and crude 
proxy variables for income; hours targets can hardly explain their working 
behavior. Nevertheless, Hangzhou cabdrivers are still affected by reference 
dependent preference. Using new empirical strategies, we show that cabdrivers 
are more likely to continue working when wage rates are unexpectedly low and 
more likely to quit when wage rates are unexpectedly high. 
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1  Introduction 

According to the life-cycle model of labor supply, if a transitory change in the 
wage rate has negligible impact on workers’ total wealth, workers should have 
positive short-term wage elasticity (Lucas and Rapping, 1969). However, some 
researchers investigated labor supply of cabdrivers who, unlike most workers, 
could choose the number of hours worked each day, and found that the wage 
elasticity was negative (Ashenfelter, Doran, and Schaller, 2010; Camerer, 
Babcock, Loewenstein, and Thaler, 1997; Chou, 2002; Doran, 2014). One main 
explanation of this phenomenon is that drivers may set daily income targets and 
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work until the targets are reached. Thus they would work less when earnings per 
hour is high. This explanation is based on the prospect theory proposed by 
Kahneman and Tversky (1979), in which a person’s preference depends not only 
on their absolute consumption level but also on their reference points. Given the 
reference points, people experience more displeasure from a loss than the pleasure 
they derive from equally large gains (loss-aversion). In the case of cabdrivers’ labor 
supply, daily income targets may be their reference points, and due to loss-aversion, 
they are more likely to work when income targets are not reached. 

However, there were also researchers who casted doubt on the influence of 
reference preference and argued that cabdrivers were rationally arranging their 
daily labor supply (Farber, 2005, 2008, 2015; Jonason and Wallgren, 2013). 
Farber (2005, 2008) collected data on New York cabdrivers, and found that the 
probability of stopping work on a given day was primarily related to cumulative 
daily hours at that point rather than daily income and that reference dependent 
preference could hardly explain drivers’ working behavior. Using the complete 
driving records of all New York cabdrivers over the 2009-2013 period, Farber 
(2015) reassessed their labor supply wage elasticity and found that the large 
majority of drivers had positive wage elasticity. He concluded there was little 
evidence that reference dependent preference played an important role in drivers’ 
labor supply decisions. 

The International Labor Organization (ILO) pointed out that despite rapid 
economic growth in Asia, workers in Asian countries were still generally 
working longer hours than most of their counterparts in developed countries 
(Messenger, Lee, and McCann, 2007). This is particularly true for China. China 
has had one of the highest rates of economic growth in the world over the last 
four decades, but the average working week in China remains one of the highest 
in the world. The OECD (2011) found that the Chinese ranked fourth in the 
world in terms of time spent at work, after Mexico, Japan and South Korea. What 
are the characteristics of Chinese workers’ dynamic labor supply? How do 
Chinese workers respond to daily wage fluctuations? Are their working decisions 
affected by reference dependence? In this paper, we use the trip data of 
Hangzhou cabdrivers to analyze Chinese workers’ labor supply decisions.  

This paper builds mainly on two recent papers: the reference dependent 
preference model of Koszegi and Rabin (2006, henceforth “KR”) and the 
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empirical research of Crawford and Meng (2011, henceforth “CM”). During the 
development of prospect theory, the determination of people’s reference points 
has always been questioned (Barberis, 2013). KR made an attempt to clarify this. 
They assumed a person’s reference points were his/her rational expectations of 
outcomes based on past experience, and should be consistent with his/her optimal 
behavior in equilibrium. Applying this model to the within-day labor supply 
decision, a worker is less likely to continue work if his/her income earned thus 
far is unexpectedly high, but more likely to show up as well as continue to work 
if expected income is high. Therefore, this model can reconcile both the negative 
wage elasticity of cabdrivers and the positive correlation between daily wage and 
daily labor participation (Fehr and Goette, 2007; Oettinger, 1999). 

CM (2011) used KR’s refined notion of reference points to reanalyze Farber’s 
sample data of New York cabdrivers (2005, 2008). As suggested by KR (2006), 
CM’s framework included targets for both income and hours, which were based 
on cabdrivers’ rational expectation of income and hours and consistent with their 
optimal working behavior. Since in their dataset, the autocorrelation of wage rate 
within a day was very weak and insignificant, it was hard for drivers to predict 
their future earnings based on their current earnings during the same day. Given 
no serial correlation, CM used average income and hours of other days or drivers 
as the proxy for drivers’ rational point expectations of a day’s income and hours. 
Similar to Farber’s (2008) study, they first estimated a reduced-form model of the 
stopping probability, with dummy variables indicating whether cabdrivers had 
achieved work targets. They found that drivers’ willingness to work would drop 
sharply after reaching their daily targets for both income and hours. Meanwhile, 
they divided the sample shift by shift according to whether a driver’s earnings for 
the first x hours of the day were higher or lower than his proxied expectations, 
and estimated probit models of the probability of stopping with an index function 
that was linear in cumulative shift hours and cumulative shift income as in Farber 
(2005). The analysis indicated that drivers were more likely to stop when they 
reached the second of the two targets: If earnings early in the shift were lower 
than expected, cumulative shift income was the determining factor; if the early 
earnings were higher than expected, cumulative working hours became decisive. 
Finally, they used maximum likelihood estimation (MLE) to estimate a structural 
model of reference dependent preference and confirmed that daily targets for 
income and hours mattered in New York cabdrivers’ labor supply decisions. 
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In our empirical analysis, we also use the sample average of income and hours 
as the proxy for drivers’ daily targets for income and hours, and estimate a 
reduced-form model of the stopping probability, with dummy variables 
indicating whether cabdrivers have achieved work targets. However, we find that 
once controlling for hours of the day, especially for hours around the shift time, 
dummy variables indicating whether the driver has reached his targets do not 
affect driver’s decision to stop working. The major difference between CM’s 
sample and ours is the within-day autocorrelation of hourly wage rate. Although 
it is small, the serial correlation of wage rates of Hangzhou cabdrivers is 
significantly different from zero, which implies that cabdrivers could adjust their 
daily targets according to their current business. Since the adjustment may bias 
the proxy variables for daily targets, we have to find other methods to check the 
influence of reference dependence on drivers’ labor supply decisions. 

Different from the classical labor supply model, expected and unexpected 
wage changes may have different impacts on drivers’ labor supply behavior in 
KR’s model of reference dependent preference. We operationalize the unexpected 
income changes based on fare of each trip and driving miles without passengers. 
The regressions show that it is too hard for drivers to predict these unexpected 
income changes according to their current work environment. Therefore we use 
these proxy variables for unexpected income changes to test whether Hangzhou 
cabdrivers’ labor supply decisions are influenced by reference dependent 
preference. Our estimation results show that drivers are more likely to stop 
working if the temporary wage is unexpectedly high, while they are less likely to 
quit if the business is unexpectedly bad. These findings indicate that Hangzhou 
cabdrivers’ labor supply is affected by reference dependent preference. 

Meanwhile, we investigate Hangzhou cabdrivers’ wage elasticity. We show 
that the OLS regression results are downward biased by observations with 
extremely long or short hours. These extreme observations could contain large 
measurement errors. To address the issue of measurement errors, we use the 
average hourly wage of other drivers driving in the same day and shift as our 
instrument variable for hourly wage. The estimated wage elasticities using 
instrument variable regressions are significantly positive. It means that 
cabdrivers are optimizing their labor supply intertemporally according to daily 
wage fluctuations. 
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Why do Hangzhou cabdrivers have both positive wage elasticity and reference 
dependent preference? It may be partially correlated with the institutional 
background. Most cabdrivers in Hangzhou are migrant workers. The high living 
cost and rental cost of taxi may push them to optimize labor supply 
intertemporally. When wage changes are unexpected, these cabdrivers may still 
face self-control problems. It should be better for drivers to work based on their 
initial expectations or working schedules (Camerer et al., 1997; Koszegi and 
Rabin, 2006) 

The remainder of the article is structured as follows. Section 2 describes the 
trip data of Hangzhou cabdrivers and analyzes the autocorrelation of their hourly 
wage rate. Section 3 presents our empirical analysis of Hangzhou cabdrivers’ 
labor supply decisions. We begin by discussing the relationship between labor 
supply and reference dependent preference, and then analyze cabdrivers’ wage 
elasticity. We also examine the robustness of our main findings using different 
proxy variables and methods of data process. Section 4 offers discussions about 
our results. Section 5 concludes. 

2  Data and Preliminary Statistics 

The trip data of cabdrivers used in this paper is collected from Hangzhou 
Transportation Information Corporation. The sample data contain the GPS trip 
information of 54 taxies from August 1st, 2014 to September 31st, 2014.1 The 
information for each trip includes the start time, end time, miles with passengers, 
miles without passengers, and fare. We clean the data using a set of reasonable 
rules. These rules are outlined in Appendix B. 

In addition to the GPS data, we collect information on the shift time of these 
taxies from Hangzhou Traffic and Transportation Department. Table 1 presents 
the summary statistics. The shift time of all taxies in our sample is between 3 
o’clock and 4 o’clock in the morning and in the afternoon. The information on 
shift time would be our main reference to separate the trip data of different 

                                                        
1 Besides these data, we also got another 26 taxies’ trip data covering the same period from 
Hangzhou Transportation Information Corporation. We don’t have shift information for these 
taxies. In Appendix D, we will identify the shift time according to time gap between trips, as 
well as the legitimate range of shift time, and then combine both data to check our main 
findings. 
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drivers for the same taxi. Nevertheless, the data indicate that some drivers would 
occasionally take passengers during the shift change time, which may be due to 
drivers’ overwork or early working. We have to identify real shift time in such 
circumstances. In general, drivers would leave a sufficiently long time period 
when transferring the car, so as to avoid unnecessary conflict of time schedules. 
Therefore, according to the time gap between trips and recorded shift time, we 
divide the trip data of different drivers for the same taxi. The data process is 
elaborated in Appendix B. We admit that such data process is not perfect. More 
tests would be done, such as deleting trips near shift time and adjusting long 
waiting time, to check our main empirical findings. 

 
Table 1  Cabdrivers’ Shift Time 

Shift Time Number Percentage 
3:00 and 15:00 6 11.11% 
3:30 and 15:30 10 18.52% 
4:00 and 16:00 38 70.37% 
Total number 54 100% 

Data source: Hangzhou Traffic and Transportation Department. 
 

2.1  Summary Statistics of Trip Data 
 
There are a total of 61,418 trips listed for the 3,272 shifts for the 108 drivers in 
our cleaned sample. Table 2 presents the summary statistics of the driver trip 
information. Following Camerer et al. (1997), we define hours worked per day as 
the difference between the time when the first passenger is picked up and the 
time when the last passenger is dropped off. It includes the sum of driving time 
(the sum over trips of the time between the trip start time and the trip end time) 
and waiting time (the sum over trips of the time between the end of the last trip 
and the start of the current trip). As shown in Table 2, the average hours worked 
per shift are 8.84 hours, containing 3.72 hours of waiting time and 5.13 hours of 
driving time. Waiting time is quite considerable, accounting for 42 percent of 
working time, on average. There is considerable variation across drivers in 
average hours worked per day, with means ranging from 5.69 to 11.49. Still, the 
majority of the variation in daily work hours is within-driver variation across 
days. To be specific, the standard deviation of daily work hours is 2.15. The R2 
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from a regression of daily hours on driver fixed effects is 0.261 with a residual 
root mean squared error (RMSE) of 1.88. Panel A of Figure 1 shows the 
histogram of daily work hours with a single peak and a median around 9 hours. 

The total income per day is simply the sum of trip fares each day, not 
excluding other costs like fuel costs or maintenance costs. The mean daily 
income is 498.4 yuan and the standard error is 150.6. The driver with the highest 
income earns 717 yuan on average while the driver with the lowest income earns 
311 yuan on average. Still the cabdriver fixed effect can only explain a small part 
of the variation in daily income. The R2 from the regression of daily income on 
cabdrivers’ dummy variables is 0.207 and the RMSE is 136.4. The 
reference-dependent model with fixed income targets implies the majority of the 
variation in daily income comes from between-driver variation, while the 
reference-dependent model with rational expectations allows drivers to adjust 
their daily income according to their expectation. Panel B of Figure 1 contains 
kernel density estimates of the distribution of daily income, which are truncated 
at 800 yuan. The truncation does not change the shape of the distribution since 
the kernel density estimates in these upper tails are essentially zero. 

 
Table 2  Summary Statistics of Trip Data 

Variable Mean S.D. Min. Max. Sample Level 
Working Hours (hours) 8.844 2.153 1.050 15.20 3,272 Shift 
Total Income (yuan) 498.4 150.6 71 2,205 3,272 Shift 
Waiting Time (hours) 3.718 1.530 0.0667 10.58 3,272 Shift 
Driving Time (hours) 5.126 1.500 0.633 13.50 3,272 Shift 
Number of Trips 18.77 6.964 4 41 3,272 Shift 
Miles with Passenger (km)  7.002 7.666 0 430.3 61,418 Trip 
Miles without Passenger (km) 3.070 7.390 0 697.1 61,418 Trip 
Trip Fare (yuan) 26.55 27.81 4 1,785 61,418 Trip 
LongTrip (dummy) 0.0348 0.183 0 1 61,418 Trip 
LongSearch (dummy) 0.0570 0.232 0 1 61,418 Trip 

Note: Data is from Hangzhou Transportation Information Corporation. The sample consists of 
61,418 trips in 3,272 shifts for 108 drivers. 

 
The mean number of trips per day is 19. The mean fare of each trip is 26.5 

yuan, and the mean driving miles with and without passengers are 7 km and 3 km 



Reference Dependent Preference and Labor Supply  271 

 

respectively. Panel C of Figure 1 presents the kernel density estimates of the fare 
distribution. It is also truncated at 400 yuan since the kernel density estimates of 
the upper tails are almost zero. From the figure, we can see that most of the trips 
are of small fares, and trips with large fares are quite rare. The median, the 95th 
percentile and the 99th percentile are 19 yuan, 69 yuan and 132 yuan respectively. 
Based on trip fare, we define a dummy variable LongTrip to indicate whether 
drivers have had unexpected high temporary earnings. If the drivers have ever 
had a single trip whose fare is larger than 150 yuan before the trip on that day, 
then the dummy variable LongTrip is one; otherwise it is zero. The mean of 
LongTrip is 0.035, which also reflects the scarcity of large fare trips. 

 

 
Figure 1  Distribution of Hours and Income, by Shift and Kernel Density Estimates of Fares 

and Miles without Passengers, by Trip 
 

In the following discussion, we use LongTrip as the proxy variable for 
unexpected high income shocks to examine drivers’ responses to unexpected 
wage changes. First, the large fare trip indicates a high temporary wage rate. The 
earnings per minute of large fare trips is obviously larger than other small fare 
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trips. When considering time with passengers only, the earnings per minute of 
trips with fares larger than 150 yuan is 2.83 on average, while the earning per 
minute of small fare trips is 1.80 on average. When considering both time with 
passengers and time without passengers after the trip, the earnings per minute of 
large fare trips is 1.70 on average, while the earnings per minute of small fare 
trips is 1.09. Second, the large fare trips are both temporary and random. It is 
really hard to predict when drivers will meet such trips according to weather, 
time, drivers’ own characteristics and working status. To be specific, the standard 
deviation of the dummy variables indicating whether the trip fare is larger than 
150 is 0.0723; the R2 from a regression of the dummy variable on weather, time, 
drivers’ fixed effect, drivers’ cumulative driving miles, drivers’ cumulative 
working income and hours is 0.0317; the RMSE is 0.0713.2 Henceforth, we 
could use LongTrip to proxy for unexpected high income shocks. 

Panel D of Figure 1 presents the kernel estimates of the distribution of driving 
miles without passengers before each trip. Similar to trip fare, most driving miles 
without passengers are relatively short. The median, 95th and 99th percentile of 
driving miles without passengers are 1.1 km, 12.6 km and 29 km, respectively. 
We define a dummy variable LongSearch as whether the driver has ever had 
more than five trips with relatively long distance miles searching for passengers 
that day, in order to measure whether he/she has had an unexpected low income 
shock. Since drivers are heterogeneous in experiences and abilities, the mean 
miles searching for passengers may also differ. We then define the long 
distanced searching miles for each driver as searching miles longer than 80th 
percentile of that driver’s searching miles. During the period of shift change, 
drivers may drive long miles without passengers to hand over the cars or do other 
family business. To avoid such potential confusions, we do not consider the 
miles without passengers before the first and last trip. The mean of the dummy 
variable LongSearch is 0.057, which also implies that drivers seldom have such 
experiences. 

In our empirical analysis, we use LongSearch as the proxy variable for 
unexpected low income shocks, so as to test drivers’ responses to unexpected 
wage changes. First, mile searching passengers is a good indicator of drivers’ 
business status. Short distances of searching for passengers indicates it is easy for 
                                                        
2 We get similar results if we use LongTrip instead. 
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drivers to find passengers, while long distances of searching implies difficulty in 
finding potential passengers. However, drivers may also have long miles without 
passengers due to some unexpected incidents, such as family emergencies or 
LongTrip experiences. To avoid such incidental confusion, we use multiple times 
of long distance searching, rather than single long distance searching, to indicate 
drivers’ unexpected low income shocks. Besides, drivers who have ever had at 
least five times of long distance searching experiences do have worse business 
than usual. When such a situation does not happen, the 25th, 50th and 75th 
percentile of the searching miles are 0.2 km, 1.1 km and 3.1 km respectively. 
When such a situation happens, the 25th, 50th and 75th percentile of the 
searching miles are 0.3 km, 1.4 km and 4.0 km respectively. In general, drivers 
find it much more difficult to find passengers when they have had multiple times 
of long distance searching that day. Furthermore, it is also of great randomness to 
have five times of long distance searching. Drivers can hardly predict when they 
would have exact five times of long distance searching according to the outside 
environment and their own working status. To be specific, the standard deviation 
of the dummy variables indicating whether drivers have had exact five times of 
long distance searching is 0.180; the R2 from a regression of the dummy variable 
on weather, time, drivers’ fixed effect, drivers’ cumulative driving miles, drivers’ 
cumulative working income and hours is 0.078; the RMSE is 0.172.3 Therefore, 
we could use LongSearch to proxy for unexpected low income shocks. The 
correlation between LongTrip and LongSearch is 0.0052 with p-value of 0.2, 
which suggests that they should represent very different business status. 

 
2.2  Autocorrelation of Wage per Hour 
 
The autocorrelation of the wage rate within each shift is of great significance to 
understanding what drivers might infer from the current wage about earnings 
from continuing to drive. According to the reference dependent preference model 
with rational expectations, if wage rates for the subsequent trips are partially 
predictable, then it is possible for drivers to adjust their targets during the current 
shift. If the autocorrelation is weak and insignificant, it is too difficult for drivers 

                                                        
3 We get similar results for LongSearch. 
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to adjust their targets depending on current wage rate. Therefore we have to 
analyze the autocorrelation of wage rates before studying drivers’ labor supply 
decisions. To measure hourly wage rate, Farber (2005) divided each shift into 
minutes and assigned a “minute wage” to each minute. For minutes during trips, 
the minute wage was computed as the fare divided by the number of minutes for 
that trip. For minutes of waiting time, the minute wage was set to zero. The 
hourly wage for each clock hour was then computed as the sum of the minute 
wages during that hour. He found the autocorrelation of wage rate was weak and 
mostly insignificant at 5% confidence level. 

Similar to Farber (2005), we define hourly wage rate as the sum of the minute 
wages. Farber’s analysis of wage variation includes all working hours. In our 
sample, we find that some drivers may have one or more long-time breaks during 
their work. To check the potential influence of drivers’ long-time breaks, we 
compare the wage correlation with and without long-time breaks. Table 3 reports 
the autocorrelations of wage rate for eight periods. Column (1) contains the 
autocorrelations of hourly wages including all working hours. Column (2) 
contains autocorrelations of residuals of hourly wages including all working 
hours. The residuals are calculated from a regression of the hourly wage on a set 
of driver fixed effects and a set of hour-of-day fixed effects. Column (3) reports 
the sample size including all working hours. Columns (4)-(6) consider the same 
specifications after excluding zero wage rate periods. 
 
Table 3  Autocorrelation of Wage Rate 

 All Working Hours Deleting Long-Time Break 

 Wage Residual Observations Wage Residual Observations 

Period (1) (2) (3) (4) (5) (6) 
0 1 1 30613 1 1 28716 
1 0.1264* 0.1007* 27341 0.0871* 0.0605* 25444 
2 0.0077 -0.0211* 24069 0.0792* 0.0523* 22172 
3 -0.0163* -0.0446* 20815 0.0539* 0.0256* 18918 
4 -0.0041 -0.0319* 17607 0.0202* -0.0099 15720 
5 0.0469* 0.0197* 14449 0.0417* 0.0124 12596 
6 0.0262* -0.0039 11364 0.0344* 0.0049 9593 
7 0.0374* 0.0123 8405 0.0435* 0.0157 6802 

Note: * is significantly different from zero at the 5% level. 
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Column (1) reports the autocorrelations of hourly wages for the first eight 
hours of shifts. Unlike Farber (2005)’s sample data, the autocorrelations of the 
wage rates of Hangzhou cabdrivers is weak but significantly different from zero 
in most cases. Specifically, the first order autocorrelation is the biggest, which is 
0.1264; the second order autocorrelation is relatively small (0.0077) and 
insignificant; the third and fourth order autocorrelations are negative; other 
higher order autocorrelations are small but significantly positive. However, the 
serial correlation may reflect the influences of weather, hours of the day or 
individual heterogeneity. We investigate this by examining the autocorrelation of 
residuals from a regression of wage rate on weather, driver fixed effects and 
hour-of-day fixed effects. Column (2) reports the autocorrelations of the residuals. 
The estimates become smaller. It implies that the autocorrelations of wage rates 
are partially caused by time-of-day and driver fixed effects. Drivers could hardly 
predict within-day variations simply based on contemporary wage rates. 
Nevertheless, the autocorrelations of the first four orders are still significant, 
which suggests that there is still important serial correlation in drivers’ transitory 
wage rates. 

As is shown in Column (2), the second to fourth order autocorrelations of 
residuals are small but still significantly negative, which may be due to drivers’ 
decisions of long-time breaks during work. Column (4) and Column (5) report 
the autocorrelations of wage and residual after excluding those zero-wage 
periods. The second to fourth order autocorrelations are now positive, which 
confirms our speculation. The drivers may decide when to have a long-time 
break according to their current wages. 

To sum up, the wage rates of Hangzhou cabdrivers have small but significant 
autocorrelations, which is different with Farber’s (2005) findings. It reminds us 
to be cautious about the estimation results when using the average income and 
hours of drivers as proxy variables for drivers’ daily targets. Besides, driver 
decisions on long-time breaks may be based on current wages. Therefore it is 
important to take long-time breaks into consideration when analyzing drivers’ 
within-day labor supply decisions.  

3  Econometric Estimates 

3.1  Probit Models of the Probability of Stopping with Target Proxy Variables 
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In this section, we report our empirical analysis of Hangzhou cabdrivers’ labor 
supply. We begin by estimating a probit model of the stopping probability, with 
dummy variables to measure the increments due to hitting the income and hours 
targets (Crawford and Meng, 2011; Agarwal et al., 2015). The specification of 
the empirical model is given as follows: 

 (1) 

where  is a latent variable indicating driver i’s willingness to continue 
working after trip t during shift j. If  is greater than zero, drivers will 
continue working; if it is less than zero, drivers will stop working.  and  
are driver i’s cumulative income and working hours after trip t during shift j. 

and  are driver i’s targets for income and working hours during shift j.  

 and  indicate whether drivers have reached their 

targets for income and hours.  contains potential factors influencing drivers’ 
working decisions, such as rain, temperature and hours of the day. Given zero 
serial correlation in their sample, CM argue, drivers with rational expectations 
would not adjust their daily targets, so it is appropriate to use sample average 
income and hours as proxy variables for drivers’ targets. Similar to CM’s 
specifications of targets, we use the reduced form mentioned above to analyze 
Hangzhou taxi drivers’ working decisions. 

Table 4 shows the marginal effects on the probability of stopping from probit 
regressions. We use the estimation point suggested by Farber (2005): after 8 total 
working hours and 400 yuan earnings on a dry August day with moderate 
temperatures. Driver fixed effects and day of week dummies are equally 
weighted. For dummy variables, the marginal effect is calculated by the 
difference between values 0 and 1. The first three columns use driver specific 
sample average income and hours prior to the current shift as targets, while the 
last three columns use driver and day-of-the-week specific sample average 
income and hours prior to and after the current shift as targets. Column (1) 
controls for rain, temperature, day of the week and cabdrivers’ fixed effect and 
Column (2) controls for hours of the day additionally, Column (3) controls only 

( ) ( )1 2 1 21 1 ,r r
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for eight hours around the day and night shift time.4 The last three columns have 
the same differences. 

As is shown in Table 4, we get similar results using different proxy variables 
for targets. Across all specifications, the cumulative income and working hours 
always have a significant positive effect on the probability of stopping working. 
After controlling for the hour of the day, the coefficient of cumulative working 
hours becomes smaller but still significant. In CM’s empirical study, they found 
that reaching income targets and hours targets always had positive influences on 
driver decisions to stop working, whether controlling for hours of the day or not. 
In our estimation, reaching daily targets has positive influences on the probability 
of stopping when controlling for rain, temperature, day of the week and 
c a b d r i v e r s ’  
Table 4  Marginal Effects on the Probability of Stopping: Probit Estimation with Target 
Variables 

    Dependent Variable: Whether to Stop Driving 

 Estimation 
Point 

Average of Prior Day as Target Average of Other Weekday as Target 

Variable (1) (2) （3） (4) (5) （6） 

Cumulative 4 0.0119** 0.0141*** 0.0240*** 0.0154*** 0.0123*** 0.0220*** 

income/100  (0.0047) (0.0045) (0.0066) (0.0049) (0.0040) (0.0061) 

Cumulative 8 0.0639*** 0.0339*** 0.0659*** 0.0699*** 0.0336*** 0.0656*** 

time  (0.0110) (0.0078) (0.0107) (0.0113) (0.0078) (0.0107) 

Cumulative income > 0 0.0186** -0.0073 -0.0057 0.0102 -0.0022 0.0010 

income target  (0.0092) (0.0060) (0.0097) (0.0084) (0.0053) (0.0088) 

Cumulative time > 0 0.0492*** -0.0068 -0.0039 0.0356*** -0.0073 -0.0046 

Time target  (0.0117) (0.0060) (0.0096) (0.0099) (0.0054) (0.0086) 

Hour of the day 2:00 PM NO YES YES NO YES YES 

Rain  YES YES YES YES YES YES 

Temperature  YES YES YES YES YES YES 

Weekday  YES YES YES YES YES YES 

Month  YES YES YES YES YES YES 

Driver  YES YES YES YES YES YES 

                                                        
4 If the registered shift time is 4:00 and 16:00, then we control for the dummy variables for 
hours of 2, 3, 4, 5, 14, 15, 16 and 17. We get similar results if we use our adjusted shift time 
instead. We report the results of the registered shift time here to make the marginal effects of 
estimation more comparable. 
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Pseudo_R2  0.306 0.356 0.342 0.305 0.356 0.342 

Log likelihood  -8538 -7922 -8099 -8551 -7923 -8099 

Observation  59106 59106 59106 59106 59106 59106 

Note: The first three columns use driver specific sample average income and hours prior to the 

current shift as targets, while the last three columns use driver and day-of-the-week specific 
sample average income and hours prior to and after the current shift as targets. Columns (2) 

and (5) control for all hours of the day, while Columns (3) and (6) control only for eight hours 
around the registered shift time. The evaluation point is after 8 total working hours and 400 

yuan earnings on a dry August day with moderate temperatures at 2:00 PM. Driver fixed 
effects and day of week dummies are equally weighted. For dummy variables, the marginal 

effect is calculated by the difference between values 0 and 1. Robust standard errors clustered 
by shift are reported in brackets. *** denotes significant at 1% level, ** at 5%, * at 10%. 

 
fixed effect (Column (1) and Column (4)). However, once we add hours of the 
day as control variables, reaching daily targets has little influence on drivers’ 
working decisions (Column (2) and Column (5)). But why could hours of the day 
dramatically change our empirical results? We speculate that Hangzhou 
cabdrivers’ work schedules are constrained by shift time to a large extent and 
many cabdrivers might choose to stop working around shift time. To check the 
potential influence of shift time, we control only eight hours around day and 
night shift time rather than all hours of the day in the regression (Column (3) and 
Column (6)). When only controlling for hours around shift time, the proxy target 
variables also could not explain cabdrivers’ working behavior.5 

From the above analysis, we can see that reaching the proxy variables for 
targets does not have significant influences on Hangzhou cabdrivers’ working 
decisions. Does this imply that Hangzhou cabdrivers have no daily targets for 
income or hours? Several detailed factors make us cautious to make such a rash 
conclusion. First, across all specifications, the cumulative income always has a 
significant positive effect on the probability of stopping working. In the classical 
dynamic labor supply model, daily income would have little effect on drivers’ 

                                                        
5  Actually, the coefficients of the dummy variables for hours around shift time are 
significantly negative, which implies drivers are more likely to stop working around the shift 
time. However, since hours of the day influence drivers’ working decisions jointly, these 
coefficients change much after adding dummy variables for other hours of the day. These 
results can be provided upon request. 
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daily labor supply decisions, since it only accounts for a tiny negligible part of 
their total income. The significant short-term income effect suggests that drivers’ 
work decision might only cover a short period, and within this period drivers 
might set targets for income or hours. Second, the autocorrelations of wage rates 
are significant though weak. The serial correlations of wage rates suggest that 
cabdrivers might, to some extent, adjust their targets according to the current 
variation of wage rates. Thus using average income and hours as daily targets 
may bias our results. Third, the time of shift change also matters. Drivers’ daily 
working schedules are constrained by the time of shift change. Once controlling 
for hours of the day, especially hours around shift time, reaching target proxy 
variables has no influence on drivers’ working behavior. However, this does not 
necessarily imply drivers are not influenced by reference dependent preference. 
Maybe drivers achieve their daily targets around shift time, so the crude proxy 
variables for income and hour targets could not explain drivers’ working 
behavior. 

 
3.2  Probit Models of the Probability of Stopping with Income Shocks 
 
In the previous subsection, we use CM’s empirical model to analyze drivers’ 
labor supply decisions, but do not get the same results. Once controlling for 
hours of the day, reaching target proxy variables has no influence on Hangzhou 
cabdrivers’ working behavior. However, this does not necessarily suggest drivers 
are not influenced by reference dependent preference. It may be caused by the 
imprecision of proxy variables for targets or the restriction of shift time. 
According to KR’s reference dependent labor supply model with rational 
expectations, drivers would work more if their expected wage rates are high, 
while working less if the temporary wage rates are unexpectedly high. Based on 
KR’s theory, we use proxy variables for unexpected income shocks to examine 
whether drivers’ working decisions are influenced by reference dependent 
preference. The specification of the empirical model is given as follows: 

  (2) 
The deduction of this empirical model is outlined in Appendix A. The major 

difference between CM’s model and ours is that our empirical model adds 
unexpected high income shock  and unexpected high income shock 

( ) ( )ij 1 2 1 2I .H 1 0 1 0t ijt ijt ijt ijt ijt ijtC X I Ib b b q q e+ -= + + + × > + × > +
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 while excluding the dummy variables indicating whether drivers have 
achieved their daily targets. We define a dummy variable LongTrip as whether 
drivers have had trips whose fare is larger than 150 yuan at the end of current trip 
during that shift, which is used as the proxy variable for the unexpected high 
income. Meanwhile, we define a dummy variable LongSearch as whether drivers 
have had five or more trips with long miles searching for passengers before trips 
at the end of current trip during that shift, which is the proxy variable for the 
unexpected low income. The detailed reasons for setting these variables are 
discussed in the data description section. 

The results of probit regressions with income shock variables using the basic 
specification are shown in the first three columns of Table 5. The estimation 
point is similar as before and drivers do not encounter unexpected income shocks 
at the estimation point. Column (1) only controls for drivers’ fixed effect; 
Column (2) controls additionally for the rain, temperature and day of the week; 
Column (3) further adds dummy variables for hours of the day. What should 
drivers do if their current earnings are unexpectedly low and they have driven 
quite a long distance to find potential passengers? Should they keep working? 
The neoclassical theory suggests that the drivers should decide their working 
time according to their total income and effort, and an unexpected negative 
income shock should not influence their labor supply decision after controlling 
for the effect of income and effort. In contrast, the reference dependent 
preference theory predicts that drivers would work for a longer time so as to 
achieve their targets when their current earnings are unexpectedly low. The first 
three columns show that, across different specifications, LongSearch would 
always significantly decrease drivers’ probability of stopping working. It means 
that drivers are more likely to continue working when they have taken a large 
amount of effort to search for passengers and their current earnings are much 
lower than usual. It is consistent with the prediction of the reference dependent 
labor supply model. 

Similar to the case of LongSearch, the neoclassical dynamic labor supply 
model and the reference dependent labor supply model make distinct predictions 
about how drivers would respond to unexpected high income shocks. The 
neoclassical theory suggests that unexpected high income shocks would not 
affect drivers’ labor supply decisions after controlling for drivers’ income and 

( )1 0ijtI
- >
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hours, while the reference dependent theory predicts that drivers are more likely 
to quit early since it takes less time to achieve their targets. From the first three 
columns of Table 5, we can see that LongTrip—the proxy variable for the 
unexpected positive income shock—always has a positive influence on the 
probability of stopping working. That is to say, after having a trip with an 
extraordinarily large fare, drivers are more likely to stop working during that 
shift. It also confirms the influence of reference dependent preference. 

However, there is another possible explanation. If the driver is more fatigued 
after a long-distance trip with passengers, it is reasonable for him to take a rest 
early. Similarly, a driver who spends most of his work time searching for 
passengers is more likely to drive longer hours, because he is not very tired. The 
implicit assumption of this explanation is that carrying a passenger is harder 
work than searching for one. Camerer et al. (1997) surveyed several fleet 
managers of New York taxi companies. Almost all of the managers in their 
survey said searching for passengers was much harder work. Carrying passengers 
only requires driving to a specific destination; while searching for potential 
passengers also requires drivers to pay attention to both sides of the street and 
prepare to swerve across traffic to reach the passengers. Thus the fatigue 
explanation could hardly explain drivers’ response to unexpected income shocks. 

When setting the two proxy variables for the unexpected income shocks, we 
have to make a tradeoff. To make the income shocks more unpredictable, we can 
raise the criteria for the income shock proxy variables. For instance, we can  
Table 5  Marginal Effects on the Probability of Stopping: Probit Estimation with Income 

Shock Variables 

  Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) （3） (4) (5) （6） 

Cumulative 4 0.0101*** 0.0147*** 0.0084*** 0.0105*** 0.0152*** 0.0084*** 

income/100  (0.0027) (0.0044) (0.0030) (0.0026) (0.0044) (0.0029) 

Cumulative 8 0.0610*** 0.0815*** 0.0333*** 0.0594*** 0.0800*** 0.0322*** 

time  (0.0027) (0.0118) (0.0076) (0.0026) (0.0116) (0.0074) 

LongTrip 0 0.0222** 0.0272* 0.0227**       

(>150yuan)  (0.0104) (0.0141) (0.0109)       

LongSearch 0 -0.0161*** -0.0214*** -0.0182***       

(5 times)  (0.0050) (0.0076) (0.0059)       
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LongTrip 0       0.0116* 0.0150* 0.0148** 

(>120yuan)        (0.0064) (0.0087) (0.0066) 

LongSearch 0       -0.0156** -0.0206** -0.0204*** 

(6 times)        (0.0069) (0.0100) (0.0071) 

Hour of the day 2:00 PM NO NO YES NO NO YES 

Rain  NO YES YES NO YES YES 

Temperature  NO YES YES NO YES YES 

Weekday  NO YES YES NO YES YES 

Month   NO YES YES NO YES YES 

Driver  YES YES YES YES YES YES 

Pseudo_R2  0.301 0.304 0.356 0.301 0.304 0.356 

Log likelihood  -8926 -8894 -8225 -8929 -8897 -8227 

Observation  61,418 61,418 61,418 61,418 61,418 61,418 

Note: The first three columns use our basic specifications of LongTrip and LongSearch (see 
Section 2), while the last three columns use alternative specifications. The evaluation point is 

after 8 total working hours and 400 yuan earnings on a dry August day with moderate 
temperatures at 2:00 PM. Driver fixed effects and day of the week dummies are equally 

weighted. For dummy variables, the marginal effect is calculated by the difference between 
values 0 and 1. Robust standard errors clustered by shift are reported in brackets. *** significant 

at 1% level, ** at 5%, * at 10%. 
 

increase the fare used to define LongTrip, and increase the number and miles of 
searching used to define LongSearch. Although the rise of criteria could improve 
the validity of the proxy variables, it could decrease the number of income 
shocks observed. The large reduction of variation would make the effect of proxy 
variables insignificant in the estimation. In Columns (4) through (6), we report 
the estimation results using different criteria for income shock variables. 
LongTrip is defined as whether drivers have had trips whose fare is larger than 
120 yuan at the end of current trip during that shift, and LongSearch is defined as 
whether a driver has had six or more trips with long miles searching for 
passengers, which are greater than his/her 80th percentile. Compared with the 
first three columns, the direction and significance of the influence of income 
shock variables do not change. When reducing the criteria of LongTrip from 150 
yuan to 120 yuan, the coefficient of LongTrip decreases. It is also consistent with 
the predictions of reference dependent preference theory, since a driver is more 
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likely to realize his/her income target when the fare of a single trip is larger. We 
use other criteria for income shocks to examine the robustness of our findings, 
the estimation results indicate that the unexpected income shock variables would 
always affect drivers’ decision to stop working at the same direction, although 
raising the criteria dramatically could make the coefficient less significant.6 

In summary, we find that drivers are more likely to continue working when 
they have driven long miles to search for passengers, and they tend to quit early 
when they have earned an extraordinarily large fare. These results do not change 
much when using different criteria for unexpected income shocks, which suggest 
that Hangzhou cabdrivers are influenced by reference dependent preference in 
their daily labor supply decisions. 

 
3.3  Wage Elasticity 
 
Since Camerer et al.’s pioneering study on New York cabdrivers, there have been 
a number of empirical studies on workers with flexible hours. However, the 
literature has not yet converged on the sign of workers’ intertemporal wage 
elasticity. The estimated wage elasticities differ across different working 
environments and cultural backgrounds (Agarwal et al., 2015; Fehr and Goette, 
2007; Oettinger, 1999). 

In this subsection, we analyze how Hangzhou cabdrivers’ work hours respond 
to daily wage fluctuations. Figure 2 presents the scatter plot of log hour and log 
wage. It seems that there is a negative correlation between log income and log 
hour. However, the negative correlation may be pulled by those extreme 
observations which have very long or short work hours. Those extreme values 
could contain large measurement errors, such as drivers’ forgetting to turn off or 
on the meter and unrecorded business schedules. Since measurement error could 
induce downward bias in the OLS regression, we should be cautious about the 

                                                        
6 There are concerns that some long trips may be expected. For instance, if the long trip 
involves going to and from the airport, the taxi can be reserved in advance. We deal with such 
situations by excluding the consecutive long trips. We also exclude those trips with very long 
miles of searching for passengers in the definition of long trip, because drivers might drive 
long miles to pick up passengers who reserve in advance. Those excluded long trips account 
for 10 to 20 percent of all long trips (depending on different specifications). Since such 
modifications are minor, the results change little. 
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interpretation of resulting coefficients on log wage. 
 

 
Figure 2  Hour-Wage Relationship 

 

Regressions of log hours on log wages are provided in Table 6. The first two 
columns report the OLS regression results. Column (1) only controls for drivers’ 
fixed effect; Column (2) controls additionally for the rain, temperature, month 
and day of the week. The resulting coefficients of log wage are significantly 
negative. As shown in Figure 2, there are some extreme observations that could 
cause downward bias in our estimates. We exclude those observations in the next 
two regressions. Columns (3) and (4) restrict the sample to those with work hours 
between four and twelve. The resulting coefficients are larger, although still 
negative. This implies that extreme values and measurement errors do affect our 
estimation. 

 
Table 6  Linear Regression of Log Hours on Log Wages 

  Dependent Variable: Log Hours 
  (1) (2) (3) (4) (5) (6) 

Variable OLS OLS OLS OLS IV IV 
              

Wage -0.227*** -0.237*** -0.118*** -0.125*** 0.886*** 0.853** 
  (0.038) (0.038) (0.023) (0.023) (0.314) (0.417) 
              

Observations 3,272 3,272 3,017 3,017 3,271 3,271 
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R2 0.245 0.259 0.291 0.307     
IV-F Statistics         34.3 19.3 

Driver FE YES YES YES YES YES YES 
Rain NO YES NO YES NO YES 

Temperature NO YES NO YES NO YES 
Month FE NO YES NO YES NO YES 

Day-of-week FE NO YES NO YES NO YES 
Sample restriction NO NO YES YES NO NO 

Note: Robust standard errors are reported in brackets. *** p < 0.01, ** p < 0.05, * p < 0.1. 
 

Another issue with the OLS estimation is the self-selection of wage rate. 
Drivers may choose trips to maximize their net income, so the wage rate could be 
endogenous. The phenomenon could be more prevalent after the introduction of 
taxi-hailing apps. Many cabdrivers can use mobile software, such as DiDi in 
China, to accept appointments. To address the issue of measurement error as well 
as the self-selection problem, we use the average wage of other drivers that drive 
on the same day and shift for own wage. We assume that the instrument 
summarizing the wage for the day is uncorrelated with a particular driver’s 
measurement error. Other drivers’ wage rate represents general business status 
and should not affect the usage of taxi hailing apps (Farber, 2015). Under these 
assumptions, we could identify drivers’ wage elasticity using instrument variable 
regression. Columns (5) and (6) present the corresponding results. The 
instrument variable F-statistics of both regressions are much larger than ten, 
which suggests weak instrument variables should not be a big concern in our 
estimation. The estimated wage elasticities are significantly positive (0.886 and 
0.853 respectively). It means that Hangzhou cabdrivers are optimizing their labor 
supply according to wage fluctuations. 

To sum up, we use linear regressions to analyze Hanghzou cabdrivers’ labor 
supply wage elasticity in this subsection. The OLS regressions with restricted 
sample indicate that those observations with extreme values or measurement 
errors could create downward bias in our estimates. Using an instrument variable 
approach, we find that drivers’ labor supply responds positively to daily wage 
fluctuations. 
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3.4  Robustness Check 
 
As shown in the previous section, crude proxy variables for income and hour 
target could not explain drivers’ working behavior. Are there any other better 
proxy variables? We probe this possibility in Table A1 of Appendix C. We use 
driver-specific sample average income and hours prior to and after the current 
shift and day-specific sample average income and hours of all other drivers as 
targets (Crawford and Meng, 2011). Although there are some changes in 
estimation results, they do not affect our general findings: Fixed daily income or 
hour targets could not predict drivers’ daily decisions of when to stop working. 

Following the specifications of previous studies (Camerer et al., 1997), we 
define drivers’ hours worked according to the time of the first and the last trip, 
which neglect the situation when drivers take a long break or temporarily quit 
within the shift. In the part of data description, we show that the hours with zero 
earnings would significantly affect the serial correlation of hourly wage rate. 
This might be caused by drivers’ decisions to take a temporary break. Do 
decisions of long breaks influence drivers’ daily labor supply decisions? To 
examine the empirical significance of this possibility, Appendix Table A2 reports 
the estimation results with long break adjustments. We adjust more than one 
hour’s break according to the corresponding miles without passengers and the 
driver specific median velocity without passengers, and then analyze drivers’ 
daily labor supply decisions using the new adjusted sample data. Detailed data 
process is outlined in Appendix B. We see no “obvious” effects of long break 
adjustment on our findings about drivers’ decisions to stop working. 

The third concern is about our methods to distinguish different drivers’ trips 
for the same taxi. In the main part of our empirical analysis, we separate the trip 
data for different drivers according to the registered shift time and the break time 
between trips. We assume drivers have finished turning over their cars before the 
shift time and they would leave sufficiently long time periods for transferring the 
car to avoid unnecessary time schedule conflicts. Nevertheless, some drivers 
occasionally take passengers during the registered shift time. This may be caused 
by some drivers’ overwork or early working. In such cases, we assume the 
transferring happens during the break, which is both more than half an hour and 
nearest the registered shift time. The criteria for separating trip data could be 
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noisy. Therefore, we use an alternative method to separate drivers’ trip data to 
examine its potential influence in Appendix Table A3. We delete the trip data 
prior to and after less than half an hour of the registered shift time.7 Although it 
may reduce the total hours worked, it could avoid confusion when separating trip 
data for different drivers. The results suggest that the method of separating trips 
for different drivers does not affect our major empirical findings. 

One might wonder whether subsidies and tips from the ride-sharing companies 
affect our results. Buchholz (2016) analyzes the determinants of tipping using 
New York taxi industry data. He shows that more than half of the variation in tips 
could be directly explained by the underlying fare and time of the taxi service, 
the time-of-day, day-of-week, weather, and holidays. We have controlled these 
factors in our estimations and also use different ways to proxy drivers’ daily 
income and hour targets. If the probability and amount of tipping are mostly 
predicted by these factors, our results should not be biased much. This is the 
implicit assumption made by previous studies (Camerer et al., 1997; Crawford 
and Meng, 2011; Farber, 2015). 

We turn next to the subsidy provided by the ride-sharing companies. 
According to the 2014 Taxi Industry Report (Shutu Research Department), DiDi 
and Kuaidi control 95% of the market. On January 10th, 2014, DiDi started 
providing drivers with a 10 yuan subsidy per trip and Kuaidi started subsidizing 
ten days later. On July 9th, 2014, DiDi and Kuaidi decreased the subsidy for 
drivers to 2 yuan per trip and eventually canceled the subsidy on August 9th, 
2014. Our sample period is from August 1st, 2014 to September 30th, 2014. The 
subsidy was only a negligible part of driver income according to the report. The 
subsidy should not affected drivers’ decisions much then. To probe the potential 
influence of taxies, we also control for a dummy variable indicating the 
cancelation of subsidy (after August 9th, 2014). The estimates change little, 
which suggests that our results should not be biased much by the taxi hailing 
apps. Table A4 reports the estimation results after controlling the time period of 
subsidizing. 

Taken together, we have used different data process and specifications of 
proxy variables to check the robustness of our findings. Although certain 

                                                        
7 If the registered shift time is 4:00, we exclude trip data within the time range from 3:30 to 
4:30. 
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specifications of proxy variables or methods of data processing may influence 
the magnitude of our estimation, the general results still hold. It suggests that our 
findings should be more than an artifact of measurement or the special 
circumstances of data process.  

4  Discussion 

We now address three questions raised by our findings. First, why do Hangzhou 
cabdrivers have positive wage elasticity? It may be partially correlated with the 
high pressure of living in urban areas. In 2014, there were 21,818 taxi drivers 
working in the urban area of Hangzhou, including 17,660 taxi drivers without 
local hukou (Yang, 2014). The migrant workers account for 80.94% of total taxi 
drivers. Those drivers face both the high living cost of urban areas and high 
rental cost of their taxi. Assume that one migrant cabdriver earns 500 yuan each 
day and his daily rental and oil cost are both 150 yuan. His net income is 200 
yuan per day. The average housing price in Hangzhou was 16,000 yuan per 
square meter in 2014. If the migrant cabdriver works for 350 days each year, he 
has to work without any food and drink for sixteen years to buy a house in 
Hangzhou.8 It may take a much longer time if the driver is a fixed target earner. 
Hence, the cabdrivers have to optimize their labor supply intertemporally due to 
the high pressure of living costs. 

Second, why are Hangzhou cabdrivers still affected by reference dependence 
preference given their positive wage elasticity? Despite the high living pressure 
constraining drivers’ working behavior, self-control may remain a problem. 
Camerer et al. (1997) argue that cabdrivers may fight a constant battle for 
self-control as they endure the tiresome monotony of driving cars. It is especially 
true when drivers encounter unpredicted wage changes. To mitigate self-control 
problems, it may be better for drivers to keep their initial expectations and 
working schedules when wage changes are unexpected. The reference 
dependence preference are also found in different working environments and 

                                                        
8 The simplified calculation uses average income and cost and does not take the fast rise of 
housing prices into account. It is useful to discuss local and migrant drivers’ working behavior 
separately. We cannot do such analysis since we cannot distinguish the two types of workers in 
our sample data. Nevertheless, the local cabdrivers also face a similar dilemma if they wish to 
buy a new house for their children. Besides, all drivers have to pay other living costs of urban 
areas, such as food, drink and medical care. 
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cultural norms (Abeler, Falk, Goette, and Huffman, 2011; Chang and Gross, 
2014; Goette, Huffman, and Fehr, 2004). Future research could discuss the 
relationship between self-control and reference dependence preference in more 
detail. 

Third, what are the implications for the Chinese workers’ behavior? It is 
widely accepted that Chinese workers work longer hours than most of their 
counterparts in developed countries (Mishra and Smyth, 2013). There are two 
possible explanations for this phenomenon. The first is abuse of labor by 
entrepreneurs. The entrepreneurs force their employees to work for long hours. If 
it is true, the migrant workers are more likely to be the victims. They work even 
longer hours in much worse working environments. According to Chinese 
Family Panel Survey 2010, migrant workers work for 9.46 hours each day on 
average while local workers work for 9.08 hours.9 The difference between the 
two groups is significant at 1% level. Besides, migrant workers work for 25.3 
days each month on average while local workers work for 24.9 days. The 
difference between the two groups is significant at 10% level.  

Another explanation is Chinese workers’ own preferences. The workers have a 
higher preference for work. The longer working schedule is simply the result of 
their utility maximization. In our sample data, Hangzhou cabdrivers work for 
8.84 hours per day and 28.2 days per month, which confirms the notion that 
Chinese workers are hard working. We show that Hangzhou cabdrivers are 
optimizing their labor supply intertemporally. Without labor abuse, cabdrivers 
still choose to work for long hours. It supports the second explanation. 
Nevertheless, we could not reject the first explanation. More analyses are still 
needed to investigate why Chinese or East Asian workers tend to work for longer 
hours.  

5  Conclusion 

This paper analyzes the daily labor supply decisions of Hangzhou cabdrivers. We 
show that Hangzhou cabdrivers have positive wage elasticity and crude proxy 
variables could not explain drivers’ decisions to stop work. Nevertheless, their 

                                                        
9 The CFPS is a nationally representative sample of Chinese communities, families and 
individuals that covers 25 of 31 provinces/regions and 95% of the total population of China 
(Xie and Lu, 2015). 
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working decision is also affected by unexpected income shocks or reference 
dependent preference. Our study contributes to a better understanding of Chinese 
workers’ labor supply behavior and also contributes to the advancement in terms 
of when reference dependent preferences may occur. 

There are also some important caveats to note about our study. First, our data 
contain no information about the geographic location of taxis. The location of 
cabdrivers is an important factor determining drivers’ business status. Drivers are 
more likely to find passengers if they drive to the right place at the right time. 
Around the shift time cabdrivers may stop working after a fare that takes them 
outside the downtown area, so as to leave sufficient time to transfer the car. 
Previous studies suggest that controlling for location does not affect the estimates 
of income and hours much (Farber, 2005). However, there are still many 
questions unanswered. Taxies compete for passengers by driving to different 
locations around the city. How do drivers optimize their search behavior over 
time? How do regulations impact taxi drivers’ search behavior, which in turn 
influences the equilibrium spatial distribution of taxi services? With more 
complete data of cabdrivers and more precise modeling of daily targets’ variation, 
future research may systematically evaluate cabdrivers’ searching and optimizing 
behavior. 

Second, we do not discuss much about the taxi hailing market. The focus 
of this study is the general working behavior of cabdrivers rather than the 
influence of taxi hailing apps. Since the emergence of taxi hailing apps, the 
taxi industry has gone through tremendous change. Does the expansion of the 
“sharing economy” spell the end of traditional jobs? How do digital services 
such as DiDi affect the conventional taxi industry? How does the use of taxi 
calling apps affect drivers’ working behavior? Due to data limitations, we 
leave these questions to future studies that will help us to gain a better 
understanding of the effects of DiDi’s impact on earnings and employment in 
conventional taxi services. 
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Appendix A: The Model 

In the main part of our empirical analysis, we describe the simple intuition of our 
empirical model. Here, we introduce our empirical model building on CR’s 
reference dependent preference theory. We treat each day separately as in all 
previous analyses, and assume that cabdrivers can adjust their working targets 
based on their expectations. The drivers’ total utility is the sum of consumption 
utility and gain-loss utility, which can be represented by the following equation: 

 
 (A1) 

where  denotes the cumulative income; E denotes the cumulative disutility of 
effort;  is an indicator function;  is the weight of gain-loss utility;  
and  refer to discontinuity of marginal utility when drivers reach working 
targets ( );  is the expected earnings and  is the expected 
disutility of effort;  is the real earnings and  is the real disutility of effort.  
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We assume the driver decides to stop at the end of a given trip if and only if 
his anticipated gain in utility from continuing work for one more trip is negative. 
Again letting It and Et denote income earned and disutility of effort paid by the 
end of trip t,  and  denote income earned and disutility of effort paid by 
the end of trip t, this requires: 

  (A2) 
When the expectation and reality are the same, then this model and the 

classical model make the same prediction. Their predictions diverge when 
drivers’ expectation and the real outcome are not the same. Let  and  
denote the extra income and disutility of effort if the drivers finish trip t+1. Here, 
we assume  to be constant and  to be random. Through simple 
comparative static analysis, we can find that if the expected extra income of the 

next trip is , then the drivers will keep 

working by the end of trip t; but if the expected extra income of the next trip is 

, then the drivers will stop working by the end of 

trip t.10 
Following CR’s specifications, we assume that the probability of extra low 

income of next trip  is  and the probability of extra high income of next 
trip  is  We also assume that  and 

, which mean the real cumulative income by the end of trip t+1 is 
larger than the expected cumulative income by the end of trip t+1 and the 
expected maximum cumulative income by the end of trip t+1 are larger than real 
cumulative income by the end of trip t. Furthermore, we assume the real 
disutility of effort by the end of trip t equals the expected disutility of effort 
( ). Then the expected utility of continuing working by the end of trip t 
can be expressed as:  

 

 

  (A3) 

                                                        
10 More details about the analysis are given in KR’s discussion (2006). 
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where the first line of the expression is the consumption utility of trip t+1; the 
second line is the gain-loss utility of trip t+1 if driver expects to quit after trip t; 
the third line is the gain-loss utility of trip t+1 if driver expects to continue 
working after trip t+1. Similarly, the expected utility of stopping working by the 
end of trip t can be expressed as:  

  

  (A4) 

Therefore, the value of continuing working by the end of trip t can be 
expressed as:  

 

 

 (A5) 

The driver will continue working at the end of trip t if and only if the value of 
continuing working  is greater than zero. If the driver expects good business 
after trip t (i.e., either or  is high), the driver’s willingness to work will 
be high. If the real cumulative income is below the expected cumulative income, 
the agent will have a higher willingness to keep working, vice versa. 

If the disutility of additional effort is high (i.e.,  is big), the driver will be 
less likely to continue working. Since the disutility of additional effort  is 
more likely to increase as the accumulation of working hours and income, we can 
regard  as a function of cumulative income and working hours 

. Besides, the driver’s expectation of income could be influenced 
by other unobservable random factors. So we treat expectation of income as a 
random variable and use the first order Taylor expansion to get the following 
reduced form:  

  (A6) 
where I+ refers to unexpected high income shock, I- refers to unexpected low 
income shock, Xt measures other factors affecting the determination of the 
optimal stopping time, such as weather, temperature, day of the week, hour of the 
day and individual heterogeneity. According to our model, , and  
should be negative and  should be positive. In contrast, the neoclassical 
model predicts that the unexpected shocks would have no effect on drivers’ labor 
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supply decision after controlling the influence of income, hour and weather (i.e., 
 and  is zero).  
In CM’s empirical research, they directly use proxy variables for working 

targets to examine whether drivers’ daily working decisions are affected by 
reference dependent preference. In our empirical analysis, we use proxy variables 
for unexpected income shocks to identify the influence of reference dependent 
preference. The two approaches are not mutually exclusive. We may choose 
either approach if we could find appropriate proxy variables. In the part of data 
description, we analyze the appropriateness of both proxy variables.  

Appendix B: Procedures for Cleaning Data 

Following Farber (2005), we clean the data using a set of reasonable rules to 
ensure that the trip sheets are internally consistent. The main consistency checks 
are that (1) trips must start no earlier than the end of the previous trip and (2) the 
time and miles of driving should be consistent. Besides, we distinguish the trip 
data of different drivers for the same taxi according to the time gap between 
different trips and registered shift time. We outline the process here. 

1. Some taxies have too few trips during the two months and these cabdrivers 
may only enter to the industry temporarily. Since the labor supply decisions of 
these drivers are too unstable to reflect drivers’ response to short term wage 
fluctuations, we exclude the trip information of taxies which have less than three 
days’ trip records (the total number of trip records is less than 52 for each car). 

2. Sometimes there are trip records with the same starting and ending time, 
fare, miles with and without passengers for the same car. We think drivers could 
not have exact the same two trips simultaneously and the occurrence of the same 
trip records may be induced by the problems of the meter. Therefore, we delete 
77 such repeated trip records. 

3. Sometimes drivers may forget to turn off the meter at the end of their last 
trip, and their partners would help to turn off the meter when starting working. 
Consequently, the lasting time of such trip may be too long and inconsistent with 
the corresponding fare. For example, the fare of the last trip may be 11 yuan, 
which usually takes less than ten minutes, but the actual records show the lasting 
time is four hours. First, we get trip time per yuan for each trip, through dividing 
time with passengers by the corresponding fare. Second, we take its driver 
specific medium as the driver’s normal trip time per yuan, and recalculate the trip 

1θ 2θ
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time according to the normal trip time per yuan and its fare. If the difference 
between recalculated and original trip time is greater than two hours, we take the 
recalculated trip time as real trip time; otherwise we use the original trip time. 
Thus we solve the problem caused by forgetting to turn off the meter. 

4. We assume drivers would have finished turning over their cars before the 
shift time and they would leave sufficient long time period for transferring the 
car to avoid unnecessary conflict of time schedule. Nevertheless, some drivers 
occasionally take passengers during the registered shift time, which may be due 
to some drivers’ overwork or early working. Therefore, we assume the 
transferring happens during the break, which is both more than half an hour and 
nearest the registered shift time. If there is no such break during the two-hour 
range around the registered shift time, we take the registered shift time as the real 
shift time.11 

5. According to this method of shift division, we can get the driver specific trip 
data. However, there are occasionally shifts whose number of trip records is less 
than three, which may be caused by either conflicting schedules of drivers or the 
bias of our shift division process. To avoid the bias induced by our shift division 
process as much as possible, we also exclude those shifts with less than three 
trips in our main analysis. This procedure deletes 75 trip data, which is about 
0.12% of the total sample. 

6. This method of shift division may not be very precise. Therefore, we use a 
different method of separating drivers’ trip data in the part of robustness check. We 
delete the trip data prior to and after less than the half hour of registered shift time. 
Although this would reduce the total hours worked and income earned to some 
extent, it could avoid the confusion of separating trip data for different drivers. 

7. In the part of robustness check, we also take drivers’ decision of temporary 
break into consideration. Drivers’ long break decisions might also make the time 
without passengers much longer than the time to cover the corresponding miles. 
We adjust more than one hour’s break according to the corresponding miles and 
the driver specific median velocity of driving without passengers. First, we get 
velocity of each search period, through dividing miles without passengers by the 
corresponding time without passengers. Second, we take its driver specific 
medium as the driver’s normal velocity during passenger searches, and 
recalculate the time without passengers according to the driver’s normal velocity 
                                                        
11 If the registered shift time is 4:00, the two-hour range is from 3:00 to 5:00. 
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and the miles without passengers. If the difference between recalculated and 
original time without passengers is greater than one hour, we replace the original 
time without passengers with the recalculated one.  

Appendix C: Estimations Using Different Specifications 

In this section, we use different data processes and specifications of proxy 
variables to check the robustness of our findings. Table A1 shows the regressions 
using different proxy variables for income and hour targets. Table A2 reports the 
estimation results with long break adjustment. Table A3 reports the estimation 
results after truncation of trip data. 
 
Table A1  Marginal Effects on the Probability of Stopping: Probit Regression under 
Alternative Specifications of Targets 

    Dependent Variable: Whether to Stop Driving 

 Estimation 
Point 

Average of Other Days as Target Average of Other Drivers as Target 

Variable (1) (2) （3） (4) (5) （6） 

Cumulative 4 0.0151*** 0.0168*** 0.0282*** 0.0104** 0.0119*** 0.0196*** 

income/100  (0.0051) (0.0051) (0.0073) (0.0042) (0.0039) (0.0057) 

(To be continued) 
(Continued) 

  Dependent Variable: Whether to Stop Driving 

 
Estimation 

Point 

Average of Other Days as Target Average of Other Drivers as Target 

Variable (1) (2) （3） (4) (5) (6) 

Cumulative 8 0.0626*** 0.0334*** 0.0647*** 0.0593*** 0.0329*** 0.0609*** 

time  (0.0107) (0.0077) (0.0106) (0.0106) (0.0077) (0.0105) 

Cumulative income > 0 0.0070 -0.0160** -0.0195* 0.0273*** -0.0010 0.0073 

income target  (0.0090) (0.0065) (0.0100) (0.0095) (0.0058) (0.0093) 

Cumulative time > 0 0.0631*** -0.0068 0.0012 0.0587*** -0.0031 0.0102 

time target  (0.0132) (0.0060) (0.0099) (0.0126) (0.0061) (0.0095) 

Hour of the day 2:00 PM NO YES YES NO YES YES 

Rain  YES YES YES YES YES YES 

Temperature  YES YES YES YES YES YES 

Weekday  YES YES YES YES YES YES 

Month   YES YES YES YES YES YES 

Driver  YES YES YES YES YES YES 
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Pseudo_R2  0.306 0.356 0.342 0.307 0.356 0.342 

Log likelihood  0.268 0.306 0.356 0.342 0.307 0.356 

Observation  -9352 -8535 -7918 -8097 -8523 -7924 

Note: The first three columns use driver specific sample average income and hours prior to and 
the current shift as targets, while the last three columns use day specific sample average 
income and hours of all other drivers as targets. The evaluation point is the same with Table 4. 
Robust standard errors clustered by shift are reported in brackets. *** significant at 1% level, ** 
at 5%, * at 10%. 
 
Table A2  Marginal Effects on the Probability of Stopping: Probit Regression Using Data 

with Long Gap Adjustment 
  Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) （3） (4) (5) （6） 

Cumulative 4 0.0444*** 0.0287*** 0.0526*** 0.0333*** 0.0438*** 0.0220*** 

income/100  (0.0098) (0.0074) (0.0107) (0.0038) (0.0089) (0.0056) 

Cumulative 8 0.0517*** 0.0256*** 0.0542*** 0.0449*** 0.0581*** 0.0253*** 

time  (0.0085) (0.0059) (0.0083) (0.0034) (0.0087) (0.0057) 

Cumulative income > 0 0.0128 -0.0077 -0.0060       

income target  (0.0099) (0.0063) (0.0109)       

Cumulative time > 0 0.0168* -0.0116* -0.0173*       

(To be continued) 
(Continued) 

 Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) （3） (4) (5) (6) 

time target  (0.0089) (0.0063) (0.0100)       

LongTrip 0       0.0263** 0.0330** 0.0288** 

(>150 yuan)        (0.0125) (0.0163) (0.0130) 

LongSearch 0       -0.0111** -0.0141* -0.0190*** 

(5 Times)        (0.0056) (0.0075) (0.0063) 

Hour of the day 2:00 PM NO YES YES NO NO YES 

Rain  NO YES YES NO YES YES 

Temperature  NO YES YES NO YES YES 

Weekday  NO YES YES NO YES YES 

Month   YES YES YES YES YES YES 

Driver  YES YES YES YES YES YES 

Pseudo_R2  0.279 0.346 0.327 0.276 0.278 0.345 
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Log likelihood   -8866 -8047 -8277 -9256 -9221 -8364 

Observation   59,106 59,106 59,106 61,418 61,418 61,418 

Note: Long breaks during work are adjusted according to miles without passengers and 
velocity. Drivers’ work hours are recalculated (details are in the text). The first three columns 
use driver and day-of-the-week specific sample average income and hours prior to and after 
the current shift as targets, while the last use our basic specification of unexpected income 
shocks. The evaluation point is similar as before. Robust standard errors clustered by shift are 
reported in brackets. *** significant at 1% level, ** at 5%, * at 10%. 
 
Table A3  Marginal Effects on the Probability of Stopping: Probit Regression Using 

Truncated Data 
  Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) （3） (4) (5) (6) 

Cumulative 4 0.0032 0.0063* 0.0087* 0.0032 0.0063 0.0051* 

income/100  (0.0049) (0.0037) (0.0046) (0.0036) (0.0047) (0.0030) 

Cumulative 8 0.1011*** 0.0342*** 0.0572*** 0.1076*** 0.1336*** 0.0371*** 

time  (0.0150) (0.0093) (0.0119) (0.0038) (0.0151) (0.0096) 

Cumulative income> 0 0.0239** 0.0047 0.0115       

income target  (0.0101) (0.0060) (0.0081)       

Cumulative time > 0 0.0858*** 0.0090 0.0189**       

time target  (0.0146) (0.0063) (0.0087)       

(To be continued) 
(Continued) 

 Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) （3） (4) (5) (6) 

LongTrip 0       0.0273** 0.0308* 0.0234* 

(>150 yuan)        (0.0133) (0.0163) (0.0120) 

LongSearch 0       -0.0245*** -0.0306*** -0.0183*** 

(5 Times)        (0.0069) (0.0095) (0.0068) 

Hour of the day 2:00 PM NO NO YES NO NO YES 

Rain  NO YES YES NO YES YES 

Temperature  NO YES YES NO YES YES 

Weekday  NO YES YES NO YES YES 

Month   YES YES YES YES YES YES 

Driver  YES YES YES YES YES YES 

Pseudo_R2  0.416 0.353 0.445 0.436 0.345 0.348 
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Log likelihood  -7346 -7833 -6717 -6825 -8245 -8206 

Observation  56,032 56,032 56,032 58,222 58,222 58,222 

Note: Trip data around the registered shift time are excluded. The specifications of regressions 

are the same with Table A2. Robust standard errors clustered by shift are reported in brackets. 
*** significant at 1% level, ** at 5%, * at 10%. 

  
Table A4  Marginal Effects on the Probability of Stopping after Adding Subsidizing Indicator 

  Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) （3） (4) (5) (6) 

Cumulative 4 0.0130*** 0.0102*** 0.0192*** -0.0238*** -0.0397*** -0.0227*** 

income/100  (0.0043) (0.0035) (0.0056) (0.0049) (0.0100) (0.0073) 

Cumulative 8 0.0592*** 0.0278*** 0.0570*** 0.0087*** 0.0127*** 0.0070*** 

time  (0.0113) (0.0073) (0.0109) (0.0023) (0.0040) (0.0026) 

Cumulative income> 0 0.0089 -0.0017 0.0010 0.0542*** 0.0705*** 0.0276*** 

income target  (0.0072) (0.0044) (0.0076) (0.0028) (0.0120) (0.0070) 

Cumulative time > 0 0.0309*** -0.0058 -0.0035       

time target  (0.0090) (0.0045) (0.0074)       

LongTrip 0       0.0196** 0.0236* 0.0188** 

(>150 yuan)        (0.0093) (0.0125) (0.0093) 

LongSearch 0       -0.0140*** -0.0190*** -0.0153*** 

(5 Times)        (0.0044) (0.0067) (0.0052) 

Hour of the day 2:00 PM NO NO YES NO NO YES 

(To be continued) 
(Continued) 

  Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) （3） (4) (5) (6) 

Rain  NO YES YES NO YES YES 

Temperature  NO YES YES NO YES YES 

Weekday  NO YES YES NO YES YES 

Month   YES YES YES YES YES YES 

Driver  YES YES YES YES YES YES 

Subsidizing indicator   YES YES YES YES YES YES 

Pseudo_R2  59,106 59,106 59,106 61,418 61,418 61,418 

Log likelihood  0.306 0.357 0.342 0.302 0.305 0.357 

Observation  -8540 -7915 -8090 -8915 -8884 -8216 
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Note: The subsidizing indicator means whether the date is after August 9th, 2014. The 
specifications of regressions are the same with Table A2. Robust standard errors clustered by 

shift are reported in brackets. *** significant at 1% level, ** at 5%, * at 10%. 

Appendix D: Analysis of Combined Data 

Besides our main sample, we got the trip data of another 26 taxies from 
Hangzhou Transportation Information Corporation. The data does not contain 
shift information. In this appendix, we first identify drivers’ shift time according 
to the time gap between trips and the legitimate range of shift time. Hangzhou 
Traffic and Transportation Department mandate the shift time of taxies should be 
between 3 and 5 o’clock in the morning and afternoon. We assume the shift 
change should happen during the largest overall time gap in the legitimate range 
of shift time. Then we merge the additional sample with our main sample and 
check our previous findings. 

Table A5 presents the linear regression of log hours on log wage. Table A6 
shows the marginal effects of working target and income shock on the probability 
of stopping from probit regressions. The results are similar as before, except for 
the magnitudes of some coefficients. The estimated wage elasticity is very large 
in Column (6) of Table A4. The magnitude becomes much smaller if we exclude 
those observations with extremely long or short hours. This is reasonable since 
the noise is larger when using combined data. Overall, these results confirm our 
previous findings. 

 
Table A5  Linear Regression of Log Hours on Log Wages 
  Dependent Variable: Log Hours 

  (1) (2) (3) (4) (5) (6) 

Variable OLS OLS OLS OLS IV IV 
        
wage -0.213*** -0.223*** -0.089*** -0.096*** 0.821*** 1.693** 
  (0.028) (0.028) (0.018) (0.018) (0.242) (0.832) 
        
Observations 4,747 4,747 4,442 4,442 4,747 4,747 
R2 0.280 0.303 0.314 0.341   
IV-F Statistics     50.2 7.6 
Driver FE YES YES YES YES YES YES 
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Rain NO YES NO YES NO YES 
Temperature NO YES NO YES NO YES 
Month FE NO YES NO YES NO YES 
Day-of-week FE NO YES NO YES NO YES 
Sample Restriction NO NO YES YES NO NO 

Note: These regressions use the combined sample. Robust standard errors are reported in 
brackets. *** p<0.01, ** p<0.05, * p<0.1. 
  
Table A6  Marginal Effects on the Probability of Stopping: Probit Regression Using Data 
with Combined Sample 

  Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) (3) (4) (5) (6) 

Cumulative 4 0.046*** 0.060*** 0.053*** 0.036*** 0.042*** 0.040*** 

income/100  (0.015) (0.015) (0.015) (0.012) (0.012) (0.012) 

Cumulative 8 0.330*** 0.253*** 0.268*** 0.370*** 0.375*** 0.269*** 

time  (0.011) (0.010) (0.010) (0.010) (0.010) (0.009) 

Cumulative income> 0 0.043 -0.021 -0.003       

income target  (0.027) (0.028) (0.028)       

Cumulative time > 0 0.204*** 0.031 0.052*       

time target  (0.028) (0.028) (0.028)       

LongTrip 0       0.176*** 0.161*** 0.164*** 

(>150 yuan)        (0.048) (0.049) (0.051) 

LongSearch 0       -0.099*** -0.106*** -0.132*** 

(5 Times)        (0.023) (0.024) (0.025) 

Hour of the day 2:00 PM NO NO YES NO NO YES 

Rain  NO YES YES NO YES YES 

Temperature  NO YES YES NO YES YES 

(To be continued) 
(Continued) 

  Estimation Dependent Variable: Whether to Stop Driving 

Variable Point (1) (2) (3) (4) (5) (6) 

Weekday  NO YES YES NO YES YES 

Month   YES YES YES YES YES YES 

Driver  YES YES YES YES YES YES 

Pseudo_R2  0.330 0.387 0.382 0.323 0.327 0.386 

Log likelihood  -12020 -11005 -11092 -12598 -12535 -11439 

Observation  87,401 87,401 87,401 90,765 90,765 90,765 
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Note: These regressions use the combined sample. The first three columns use driver and 
day-of-the-week specific sample average income and hours prior to and after the current shift 
as targets, while the last use our basic specification of unexpected income shocks. Columns (2) 
and (6) control for all hours of the day, while Column (3) controls only for eight hours around 
the registered shift time. The evaluation point is after 8 total working hours and 400 yuan 
earnings on a dry day with moderate temperatures at 2:00 PM. The evaluation point is the 
same as before. Robust standard errors clustered by shift are reported in brackets. *** 
significant at 1% level, ** at 5%, * at 10%. 


