
Appendix A: Appendix Figures and Tables

Figure A1b. Variations in the Hourly Wage Rate

Notes: Figure A1b presents average hourly wage rates at the stage-day level. Results are presented for 
quartiles of the average wage rate in the morning (7-10 AM).

Figure A1a. Estimated Effort Costs
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Notes: These estimates follow Crawford and Meng (2011). Proxy targets are estimated as average 
daily income or hours on days up to but not including the day in question. Proxy targets are estimated 
by day of the week.

Panel B. Hours

Figure A2. Proxying Target with Average Past Realized Income/Hours on same Week Day
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Figure A3. Simulation Results: Probability of quitting and distance to the need
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Table A1. Demands on Income and Reported Cash Need for the Day
(1) (2) (3) (4) (5) (6)

ROSCA contribution due today 0.0633*** -0.0145 -0.1380
(0.0127) (0.1040) (0.1090)

ROSCA contribution amount due (0 if none) 0.0223*** 0.228** 0.190*
(0.0058) (0.1080) (0.1050)

School fees due today 0.102*** 0.617*** 0.475*
(0.0188) (0.2370) (0.2460)

School fees amount due (0 if none) -0.0023 0.1070 0.262**
(0.0039) (0.0838) (0.1200)

Bike repairs needed today 0.0908*** 0.173*** 0.0214
(0.0130) (0.0540) (0.0590)

Bike repairs costs (0 if none) 0.0460*** 0.545*** 0.470***
(0.0098) (0.1100) (0.1270)

Funeral to attend and contribute to 0.0477*** 0.969* 0.922*
(0.0140) (0.5030) (0.5390)

Funeral contribution amount (0 if none) 0.00916** 1.711 1.718
(0.0044) (1.066) (1.077)

Somebody in household is sick today 0.0384*** 0.0372*** 0.529*** 0.479*** 0.514*** 0.462***
(0.0098) (0.0097) (0.1120) (0.088) (0.118) (0.091)

Respondent sick today 0.0141 0.0120 0.1270 0.149 0.122 0.154
(0.0113) (0.0111) (0.1380) (0.142) (0.153) (0.155)

Observations (individual-days) 10863 10863 10530 10530 9406 9406
R-squared 0.134 0.126 0.106 0.219 0.109 0.226
Number of IDs 259 259 259 259 258 258
Mean of Dep. Var. 0.90 0.90 1.83 1.83 2.04 2.04
Std. Dev. of Dep. Var 0.30 0.30 3.22 3.22 3.34 3.34

Reports cash need today
Amount of cash need
 (0 if none reported)

If reports need: 
Cash amount

Notes: Standard errors are in parentheses, clustered at both the individual and date level. All monetary values in 100s Ksh. Regressions include 
individual fixed effects, and stage-date fixed effects. ***, **, * indicates significance at 1, 5 and 10%. 
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Table A2. Relationship Between Reported Cash Needs and Actual Expenditures
(1) (2) (3) (4) (5) (6) (7) (8)

Making ROSCA deposit at t 0.53*** 0.54***
(0.03) (0.03)

Making ROSCA deposit at t+1 -0.04**
(0.02)

Making ROSCA deposit at t+2 -0.04***
(0.01)

Paying school fees at t 0.57*** 0.57***
(0.04) (0.04)

Paying school fees at t+1 0.04
(0.03)

Paying school fees at t+2 0.02
(0.02)

Contributing to funeral at t 0.49*** 0.49***
(0.03) (0.03)

Contributing to funeral at t+1 0.02
(0.02)

Contributing to funeral at t+2 0.00
(0.02)

Making bike repairs at t 0.70*** 0.70***
(0.02) (0.02)

Making bike repairs at t+1 -0.01
(0.01)

Making bike repairs at t+2 0.00
(0.01)

Observations 8,429 8,429 7,616 7,616 7,647 7,647 7,562 7,562
Number of IDs 256 256 255 255 255 255 255 255
R-squared 0.22 0.22 0.21 0.21 0.21 0.21 0.46 0.46
Mean of dependent variable 0.18 0.18 0.03 0.03 0.06 0.06 0.26 0.26

On weekly survey, reported…

Notes: Regressions include individual fixed effects, as well as controls for the day of the week and the week of the year. Standard
errors in parentheses, clustered at both the individual and date level. *, **, and *** indicate significance at 10%, 5%, and 1%
respectively. 

On daily log, reported needing cash for [  ] on date t

ROSCA payment School Fees Funeral Expenses Bike Repair
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Table A3. Demands on Income and Labor Supply
(1) (2) (3) (4)

ROSCA contribution due today 0.06*** 12.15*** 0.52*** 0.20***
(0.02) (4.09) (0.18) (0.06)

School fees due today 0.06* 2.47 0.53 0.05
(0.03) (8.11) (0.36) (0.11)

Bike repairs needed today 0.06*** 10.23*** 0.63*** 0.22***
(0.01) (2.72) (0.12) (0.04)

Funeral to attend and contribute to -0.11*** -15.63** -0.89*** -0.20**
(0.03) (6.23) (0.31) (0.10)

Somebody in household is sick today -0.01 3.03 -0.07 -0.02
(0.01) (3.30) (0.13) (0.05)

Respondent sick today -0.36*** -56.89*** -3.35*** -0.90***
(0.03) (5.13) (0.27) (0.08)

Won big lottery prize today 0.03 3.69 0.07 0.09
(0.03) (6.13) (0.25) (0.08)

Observations (individual-days) 10,863 10,692 10,752 10,662
Number of IDs 259 259 259 259
R-squared 0.19 0.14 0.19 0.16
Mean of Dep. Var. 0.800 116.3 7.080 1.890
Std. Dev. of Dep. Var 0.400 102.6 4.350 1.520
Notes: Standard errors are in parentheses, clustered at both the individual and date level. All monetary
values in Ksh. Regressions include individual fixed effects, and stage-date fixed effects. ***, **, * indicates
significance at 1, 5 and 10%. 

Worked 
Today

Total income Total Hours 
Total time 
carrying  

passengers
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Table A4. Effect of Need, and Lottery Payment on Daily Labor Supply (including Sundays)
(1) (2) (3) (4) (5)

Worked today
Log(Earned 

Income)

Hours
carrying

passengers
Total hours

Number of
passengers

Has a need 0.18***
(0.02)

Log(cash need in Ksh) 0.11*** 0.19*** 0.28*** 0.21***
(0.01) (0.03) (0.06) (0.04)

Won big lottery prize today 0.02 -0.06 0.01 -0.16 -0.26**
(0.03) (0.05) (0.07) (0.16) (0.11)

Won big lottery prize yesterday 0.03 -0.04 0.00 0.19 -0.02
(0.02) (0.05) (0.05) (0.18) (0.15)

Observations (individual-days) 12,576 8,137 8,119 8,201 8,276
Number of IDs 259 258 258 258 258
R-squared 0.28 0.18 0.15 0.18 0.18
Mean of Dep. Var. 0.750 4.809 2.342 8.792 4.378
Std. Dev. of Dep. Var 0.430 0.605 1.314 2.854 2.179
Notes: This table replicates Table 3 but including Sundays.  See Table 3 notes.
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Table A5. Effect of Week's Need and Lottery Payment on Week's Labor Supply

(1) (2) (3) (4)

Log(Earned 
Income)

Total hours
Hours 

carrying 
passengers

Number of 
passengers

Log (cash need) 0.29*** 5.80*** 1.80*** 2.84***
(0.04) (0.92) (0.34) (0.58)

Won big lottery prize in the week 0.00 0.78 0.03 -0.09
(0.03) (0.74) (0.18) (0.54)

Observations (individual-weeks) 2,015 2,093 2,089 2,095
Number of IDs 258 258 258 258
R-squared 0.48 0.44 0.36 0.40
Mean of Dep. Var. 6.15 35.16 9.30 17.65
Std. Dev. of Dep. Var 0.76 18.94 6.32 11.38
Notes: Regressions are at the worker-week level. Sundays excluded from week totals. We exclude
days from weekly totals for which either the cash need information or the dependent variable
information is missing (not reported). The average week in the sample has data for 4.95 days. All
regressions include individual fixed effects and stage-week fixed effects. Regressions also control for
whether the respondent reports being sick that week. Standard errors are in parentheses, clustered at
both the individual and week level. ***, **, * indicates significance at 1, 5 and 10%.
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Table A6. Parametric Hazard Regressions (with hour of the day fixed effects)
(1) (2) (3) (4) (5) (6) (7) (8)

Farber 
(2005)

Farber 
+Over Need

Separating time 
carrying/ waiting

Only lottery 
days/players

Cumulative Earned Income  (Units = Ksh / 1000) 0.06 -0.03 0.11 0.03
(0.07) (0.06) (0.08) (0.07)

Cumulative Hours Worked  (Units = Hours / 10) 0.08*** 0.08***
(0.02) (0.02)

Cumulative Carrying Hours  (Units = Hours / 10) -0.13*** -0.12** -0.10** -0.10** -0.10** 0.17
(0.04) (0.05) (0.05) (0.05) (0.05) (0.14)

Cumulative Carrying Hours Squared 0.08 0.06 0.04 0.04 0.04 -0.34
(0.11) (0.15) (0.15) (0.15) (0.15) (0.33)

Cumulative Waiting Hours  (Units = Hours / 10) 0.10*** 0.09** 0.09** 0.09** 0.09** 0.26**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.12)

Cumulative Waiting Hours Squared -0.01 0.01 0.01 0.01 0.01 -0.17
(0.04) (0.04) (0.04) (0.04) (0.04) (0.11)

Earned Income - Need 0.00 0.00 0.00 -0.23
(0.07) (0.07) (0.07) (0.17)

Dummy if Earned Income > Need 0.03*** 0.03*** 0.03*** 0.03*** 0.03*** 0.06**
(0.01) (0.01) (0.01) (0.01) (0.01) (0.02)

(Dummy if Earned Income > Need) * (Income - Need) 0.04 0.04 0.04 0.14
(0.10) (0.10) (0.10) (0.34)

Lottery Day * Won big lottery prize earlier in the day -0.01 -0.01 0.00 0.01
(0.01) (0.01) (0.02) (0.03)

(Dummy if Earned Income > Need) * Lottery Day * Won big lottery prize earlier in the day 0.02
(0.04)

Lottery Day * Lottery pushed total cumulative income over need -0.01 -0.02
(0.03) (0.04)

Observations 38,107 33,810 38,107 33,810 32,854 32,854 32,854 1,772
Number of IDs 259 259 259 259 259 259 259 196
R-squared 0.23 0.23 0.23 0.24 0.24 0.24 0.24 0.25
Mean of Dep. Var. 0.0877 0.0864 0.0877 0.0864 0.0862 0.0862 0.0862 0.0697

Dependent variable: 
Quit after dropping off passenger

Adding Needs and Lottery Payouts

Notes: This table replicates Table 5 but including hour of the day fixed effects.  See Table 5 notes.
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Table A7. Responses to Wage variation
(1) (2) (3) (4) (5) (6) (7) (8)

Worked 
Today

Total 
Income 

Log (Total 
income)

Number of 
passengers

Total hours
Passengers 

per hour

Total time 
spent carrying 
passengers

Fare per hour 
carrying

Panel A. Expectations of wage based on prior realizations
Log (cash need) -0.01 10.44*** 0.10*** 0.20*** 0.25*** 0.01 0.17*** 1.24**

(0.01) (2.39) (0.01) (0.04) (0.06) (0.01) (0.03) (0.59)
Won big lottery prize today 0.01 4.38 0.03 0.03 0.06 -0.01 0.05 -1.03

(0.02) (5.24) (0.04) (0.12) (0.15) (0.01) (0.05) (1.21)
Won big lottery prize yesterday -0.01 -4.60 -0.02 0.04 0.07 0.02 -0.01 -0.41

(0.02) (4.79) (0.03) (0.10) (0.09) (0.02) (0.05) (1.85)
Expected wage: (Log) Average hourly earnings 0.08* 38.86*** 0.27*** 0.42* -0.66* 0.10*** 0.43*** 7.59**
 on similar days in the past (0.04) (11.25) (0.05) (0.25) (0.34) (0.04) (0.14) (3.18)
Gap: Realized wagea - Expected wage 0.10*** 47.94*** 0.20*** 0.38** -0.84*** 0.13*** 0.31*** 5.69***

(0.03) (9.12) (0.05) (0.19) (0.27) (0.03) (0.11) (2.10)
Observations (individual-days) 8,241 8,130 6,676 6,791 6,739 6,739 6,674 6,677
Number of IDs 257 257 257 257 257 257 257 257
R-squared 0.12 0.07 0.05 0.04 0.03 0.02 0.03 0.01
Mean of Dep. Var. 0.82 119.04 4.81 4.42 8.78 0.55 2.36 68.38
Std. Dev. of Dep. Var 0.38 101.83 0.58 2.20 2.82 0.35 1.33 25.26

Panel B. Using "market days" as proxy for expected higher-wage days
Log (cash need) -0.01* 11.97*** 0.12*** 0.23*** 0.30*** 0.00 0.20*** 1.17*

(0.01) (2.26) (0.01) (0.04) (0.06) (0.01) (0.03) (0.62)
Won big lottery prize today 0.00 2.12 0.02 0.01 0.02 -0.01 0.05 -1.10

(0.02) (4.81) (0.04) (0.11) (0.14) (0.01) (0.05) (1.20)
Won big lottery prize yesterday 0.00 -3.26 -0.01 0.09 0.16 0.01 0.02 -0.33

(0.03) (4.84) (0.03) (0.11) (0.12) (0.02) (0.05) (1.85)
Market day 0.02 11.09*** 0.06*** 0.31*** 0.44*** -0.01 0.14*** 0.39

(0.01) (2.66) (0.02) (0.07) (0.08) (0.01) (0.04) (0.52)

Log (realized wagea) 0.09*** 55.53*** 0.29*** 0.56*** -0.81*** 0.14*** 0.42*** 5.16***
(0.03) (8.48) (0.06) (0.20) (0.22) (0.03) (0.11) (1.95)

Observations (individual-days) 9,362 9,234 7,594 7,727 7,669 7,669 7,589 7,591
Number of IDs 258 258 258 258 258 258 258 258
R-squared 0.10 0.07 0.05 0.04 0.03 0.02 0.03 0.01
Mean of Dep. Var. 0.83 119.12 4.81 4.40 8.84 0.55 2.35 68.57
Std. Dev. of Dep. Var 0.38 100.55 0.58 2.20 2.83 0.35 1.32 25.34

Intensive margin

Notes: Regressions are OLS regressions at the individual-day level. All regressions include individual fixed effects and control for week and day of the week
fixed effects. Regressions also control for whether it rained in the area around the stage, separately for the morning and afternoon, and whether the respondent
reports being sick that day. We have fewer observations for the hour variables since the stopping time was left blank in some cases. Standard errors are in
parentheses, clustered at both the individual and date level. ***, **, * indicates significance at 1, 5 and 10%.
a The realized wage is the average hourly earnings that day for all stage drivers but self.

Extensive margin
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Table A8. Elasticity of labor supply with respect to earnings opportunities
OLS IV OLS IV OLS IV OLS IV
(1) (2) (3) (4) (5) (6) (7) (8)

Log (wage) -0.31*** -0.29*** 0.25*** 0.33*** 0.55*** 0.62*** 0.49*** 0.52***
(0.02) (0.07) (0.02) (0.09) (0.02) (0.06) (0.03) (0.10)

Log (cash need) 0.01*** 0.01*** 0.01** 0.01** -0.00 -0.00 0.02*** 0.01***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01) (0.01)

Won big lottery prize today 0.03 0.03 0.03 0.03 -0.00 -0.00 0.05* 0.05*
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Won big lottery prize yesterday -0.01 -0.01 0.01 0.01 0.03 0.03 -0.01 -0.01
(0.03) (0.03) (0.03) (0.03) (0.02) (0.02) (0.03) (0.03)

Observations (individual-days) 8,286 8,283 8,254 8,251 8,254 8,251 8,281 8,278
Number of IDs 259 259 259 259 259 259 259 259
R-squared 0.18 0.18 0.12 0.12 0.42 0.41 0.24 0.24
Mean of Dep. Var. 2.11 2.11 1.38 1.38 -0.73 -0.73 0.69 0.69
Std. Dev. of Dep. Var 0.44 0.44 0.51 0.51 0.54 0.54 0.60 0.60
Notes: Regressions are at the worker-date level. Wage instrumented with the wage of other drivers in the same 
stage. Log (cash need) is measured in Log(Ksh). All regressions include individual fixed effects and date fixed 
effects. Regressions also control for whether it rained and  the respondent reports being sick that day. Standard 
errors are in parentheses, clustered at both the individual and date level. ***, **, * indicates significance at 1, 5 
and 10%.

Log (hours)
Log (Number of 

passengers)
Log (Passengers 

per hour)

Log (time spent 
carrying 

passengers)
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Table A9. Effect of Day's Need and Lottery Payment on Day's Labor Supply Interacted with Sav

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

Ln(Total 
Income)

Number of 
passengers

Total 
hours

Passeng
ers per 
hour

Time carrying 
passengers

Fare per 
hour 
carrying

Log (cash need) 0.03*** 0.04 0.04 0.00 0.04** -0.09
(0.01) (0.03) (0.03) 0.00 (0.02) (0.27)

Log (cash need) X Savings Account 0.00 0.00 -0.05 0.00 -0.02 -0.16
(0.01) (0.04) (0.06) (0.01) (0.02) (0.41)

Log (cash need) X Received -0.01 0.01 0.02 0.01 -0.01 0.70
   gift/loan in past 3 months (0.01) (0.05) (0.08) (0.01) (0.04) (0.54)
Observations (individual-days) 7,723 7,853 7,777 7,777 7,697 7,699
Number of IDs 237 237 237 237 237 237
R-squared 0.46 0.57 0.49 0.49 0.49 0.46
Mean of Dep. Var. 4.81 4.41 8.87 0.55 2.35 68.90
Std. Dev. of Dep. Var 0.64 2.23 2.83 0.35 1.32 25.88
Notes: Regressions are at the worker-date level. Log(need) is measured in Log(Ksh). All regressions
include individual fixed effects and stage-date fixed effects. Days without a need excluded. Regressions
also control for whether the respondent reports being sick that day. We have fewer observations for the
hour variables since the stopping time was left blank in some cases. Standard errors are in
parentheses, clustered at both the individual and date level. ***, **, * indicates significance at 1, 5 and
10%.
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Table A10. Robustness checks in parametric hazard regressions
(1) (2) (3) (4)

Cumulative Earned Income  (Units = Ksh / 1000) 0.07 0.07 0.06 0.29
(0.07) (0.07) (0.07) (0.21)

Cumulative Hours Worked  (Units = Hours / 10) 0.30*** 0.30*** 0.29*** 0.29***
(0.02) (0.02) (0.02) (0.03)

Dummy if Earned Income > Need 0.03*** 0.04*** 0.03*** 0.06
(0.01) (0.01) (0.01) (0.06)

(Dummy if Earned Income > Need) X Savings Account -0.02
(0.02)

(Dummy if Earned Income > Need) X Received -0.01
   gift / loan in past 3 months (0.02)

Types of needs All All All
Need is listed as 
"nothing special"

Observations 33,826 33,133 32,181 2,411
Number of IDs 259 245 240 87
R-squared 0.18 0.18 0.17 0.19
Mean of Dep. Var. 0.0868 0.0864 0.0836 0.0912

Dependent variable: stopped working after after 
dropping passenger

Notes: An observation is at the worker-passenger-date level (i.e. if a worker has three passengers at date t, 
there are three observations for this worker on that date). All regressions include individual fixed effects and 
controls for week and day of the week fixed effects. Standard errors clustered at both the individual and date 
level in parentheses. Analysis restricted to worker-days where a cash need is reported.  *, **, and *** indicate 
significance at 10%, 5%, and 1% respectively. 
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Table A11. Effect of Personal and Household Cash Needs on Daily Labor Supply
(1) (2) (3) (4) (5)

Ln(Total 
Income)

Number of 
passengers

Total 
hours

Passeng
ers per 
hour

Time 
carrying 

passengers
If has a personal need: 0.11*** 0.23*** 0.30*** 0.000 0.21***
  log (cash need) (0.01) (0.04) (0.06) (0.01) (0.03)
If has a household need: 0.11*** 0.22*** 0.30*** 0.000 0.19***
  log (cash need) (0.01) (0.04) (0.06) (0.01) (0.03)
p -value for test personal = shared 0.75 0.34 0.63 0.16 0.09

Observations (individual-days) 7,099 7,225 7,169 7,169 7,096

Number of IDs 258 258 258 258 258
R-squared 0.18 0.19 0.18 0.13 0.15
Mean of Dep. Var. -2.10 4.41 8.86 0.55 2.35
Std. Dev. of Dep. Var 0.58 2.21 2.82 0.35 1.32
Notes: Personal needs include bicycle repairs and ROSCA contributions. Households needs
include food and school fees. Regressions are at the individual-day level. All regressions
include individual fixed effects and stage-date fixed effects. Regressions also control for
whether the respondent reports being sick that day, and whether he won the lottery that day.
Standard errors are in parentheses, clustered at both the individual and date level. ***, **, *
indicates significance at 1, 5 and 10%.
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Table A12. Parametric Hazard Regressions for Personal and Shared Needs
(1) (2)

Personal needs Shared needs
Cumulative Carrying Hours (Units = Hours/10) 0.25** 0.26***

(0.11) (0.09)
Cumulative Carrying Hours Squared 0.44** 0.28*

(0.21) (0.16)
Cumulative Waiting Hours (Units = Hours/10) -0.15*** -0.11**

(0.05) (0.05)
Cumulative Waiting Hours Squared 0.52*** 0.46***

(0.07) (0.06)
Earned Income - Need 0.01 0.02

(0.10) (0.10)
Dummy if Earned Income > Need 0.04*** 0.04***

(0.01) (0.01)
Dummy if Earned Income > Need * (Income - Need) 0.03 0.12

(0.14) (0.15)
Won big lottery prize -0.01 0.01

(0.02) (0.02)
Observations (individual-days) 16,601 23,873
Number of IDs 257 256
R-squared 0.15 0.15
Mean of Dep. Var. 0.08 0.08

Dependent variable: quit after dropping off passenger

Personal needs include bicycle repairs and ROSCA contributions. Households needs include food and school 
fees. All regressions include individual fixed effects and controls for week and day of the week fixed effects. 
Standard errors clustered at the individual level in parentheses.  *, **, and *** indicate significance at 10%, 5%, 
and 1% respectively. 
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Table A13. Daily Needs, Income Targets, and Hours Targets
(1) (2) (3) (4) (5) (6)

Dependent variable = 1 if quit work after dropping off passenger

Cumulative Hours Worked (Units = Hours / 10) -0.05 -0.08** -0.12*** -0.14*** -0.13*** -0.15***
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Cumulative Hours Worked Squared 0.33*** 0.41*** 0.44*** 0.38***
(0.04) (0.10) (0.11) (0.11)

Cumulative Income Earned (Units = Ksh / 1000) 0.13 0.02 0.57*** 0.36*** 0.38*** 0.39***
(0.10) (0.09) (0.10) (0.04) (0.04) (0.04)

Cumulative Income Earned Squared -0.73*** -0.60*** -0.64*** -0.60***
(0.18) (0.17) (0.17) (0.17)

Cumulative Hours > Estimated Target 0.07*** 0.07*** 0.08*** 0.07***
(0.01) (0.01) (0.01) (0.01)

Cumulative Income > Estimated Target 0.03*** 0.03*** 0.02*** 0.02***
(0.01) (0.01) (0.01) (0.01)

Over need 0.04*** 0.03*** 0.03***
(0.01) (0.01) (0.01)

Over average monthly need 0.04*** 0.03***
(0.01) (0.01)

Observations 38,132 33,826 38,132 33,826 36,173 35,039
Number of bodas 259 259 259 259 259 259
R-squared 0.15 0.16 0.15 0.16 0.15 0.16
Mean of dependent variable 0.09 0.09 0.09 0.09 0.09 0.09
Notes: These estimates follow Table 3 Crawford and Meng (2011). Targets are estimated as average daily income or hours on
days up to but not including the day in question. Targets are estimated by day of the week. All regressions include individual
fixed effects and controls for week and day of the week fixed effects. Standard errors are in parenthesis, clustered at both the
individual and date level. *, **, and *** indicate significance at 10%, 5%, and 1% respectively. 
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Table A14: Model Calibration: Parameter values and source

Parameter Label Value Source

δ Discount factor 0.957^(1/365) Angeletos et al (2001)

β Hyperbolic discount 
factor

0.7 Angeletos et al (2001) (β = 1 no hyperbolic)

tr Time riding 0.5 Average ride length in the data
tw Time waiting Drawn from data distribution

r Interest rate 0.01 % Daily equivalent of a yearly 5% Standard Chartered 
Bank Kenya

f Fare per ride 30 Average fare in the data for rides around t r

T Daily target Drawn from data distribution

0
5

17
0

s_min Minimun savings 0

s_max Maximun savings 300

λ Reference-
dependence factor

0.12 Chosen to match hours of drivers exhibiting earned 
income targeting

θr

θw

Jointly chosen to match average daily hours of 
Neoclassical drivers

Riding time cost 
parameters

Waiting time cost 
parameters

46



Appendix B: Daily need and daily labor supply

How are daily needs set?

How are daily needs set? In other words, what does it mean for workers to report daily
needs? While our logs were not set up to examine this issue in detail, in Table A1 we
run regressions of reported needs (whether a need was reported and its amount, as per the
daily log) on demands on income (“shocks”) as reported for the same day in the weekly
recall survey. Specifically, we exploit the within-driver variation in shocks and payment dues
across days to estimate:

Nit = Su
itγ

u + Se
itγ

e + ηs(i)t + µi + εit (4)

where the dependent variable Nit is a measure of the cash need reported by individual i
at date t (obtained from the daily logbook), while Su

it represents the vector of unexpected
shocks (sickness or funeral expenses) and Se

it represent expected events which require cash
(ROSCA payments or school fees coming due) on that same date t, as recorded in the weekly
recall survey. We consider both dummies for shocks (odd columns) and the cash value of
the shocks (even columns) when applicable. We include individual fixed effects (ηi), as well
as stage-date fixed effects (ηs(i)t) to capture any potential stage-date level common shocks
or day of the week effects. Standard errors are clustered at the individual and date level.

We find that several of the idiosyncratic shock measures (whether expected, such as
ROSCA contributions, or unexpected, such as bike problems and funerals) predict reported
daily cash needs, suggesting that workers report cash needs on the day payments are due.
The results are identical if we restrict the sample to workers for whom bike-taxiing is the
only occupation (224 out of 259 workers in the sample; available upon request).

In Table A2, we cross-check the needs reported on the daily logs with the actual expen-
ditures for that day as reported in the weekly recall survey. Specifically, we regress whether
a specific type of need was recorded on the daily log (e.g. for ROSCAs, school fees, funeral
expenses, bike repairs) on whether the respondent reported expenditures of that same type
on that same day, as per the weekly survey. First, reported needs and actual expenditures
are strongly correlated for all types of spending. Another important result comes from the
even-numbered columns, which include controls for whether the respondent will have that
expenditure in the next few days. For example, Column 2 shows whether the respondent
reports needing money for a ROSCA in the two days before the ROSCA payment is actually
due. Interestingly, the coefficients are negative and significant, again suggesting that people
delay reporting pending expenses as things they need to raise cash for until they are actually
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due. Since ROSCA payments and school fees are due on specific days outside an individual’s
control, this suggests that respondents are not endogenously reporting these needs on days
in which they were planning to work more for other reasons.

Daily life events and labor supply

We start by providing reduced form evidence that the daily labor supply is affected by
contemporaneous life events. For this, we again exploit within-driver variation across days.
In particular, we estimate the following:

Lit = Su
itγ

u + Se
itγ

e + ρBPit + ηs(i)t + µi + εit (5)

where the dependent variable is a measure of daily labor supply for individual i at date
t (obtained from the daily logbook). As above, Su

it represent unexpected shocks and Se
it

represent expected events which require cash on that same date t (obtained from the weekly
recall survey). BPit is a dummy for whether the respondent won a big lottery prize that
day (this information comes from our administrative research records). To control for local
supply and demand conditions on that day, we include stage-date fixed effects (ηs(i)t). The
regressions also include individual fixed effects (µi). Standard errors are clustered at the
individual level.

One question for this and the subsequent analysis is what the appropriate measure of labor
supply (Lit) should be. For taxi drivers, money is earned only when carrying passengers, and
the effort costs of riding with a passenger are likely higher than for waiting for passengers
between rides. We present results for both the total time spent on the job (total hours)
and the effort expended on the job (total hours carrying passengers). Measures of effort on
the job are the more appropriate measure if effort costs dominate time costs such as the
opportunity cost of time or boredom; time costs are more appropriate if effort costs of riding
are low.

Results of estimating equation (5) are reported in Table A3. We have relatively few
measures of unexpected shocks that do not directly affect labor supply: many shocks, like
funerals or own illness, mechanically reduce labor supply directly. However, we still find
evidence for unexpected shocks mattering: respondents are more likely to work when their
bike needs repair (note that this is not reverse causality since needs were reported before
work started). More surprisingly, we find evidence that some expected needs affect labor
supply: people work significantly more hours when a ROSCA payment comes due. (The
results on school fees go in the same direction but are much noisier due to the low frequency
of school payments coming due). In contrast, we see no impacts of winning the lottery prize
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on labor supply.
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Appendix C: Relationship between reduced form results
and prior literature

The most striking and controversial result in prior work is the finding by Camerer et al.
(1997) of a negative wage elasticity among taxi cab drivers – because of income targeting,
workers worked less on days with more earnings opportunities. This result has been re-
examined in several papers, including Farber (2005, 2008, 2015). In this section, we replicate
these results and discuss how our findings relate. We stress that the specifications in this
section raise some concerns, so we interpret them only as supportive evidence.

To start, we follow the convention of constructing a “wage” as income divided by hours,
i.e. average hourly earnings. Since an individual’s own average earnings is endogenous, we
follow the literature and use the average “wage” of other workers at the same market on
the same day (which we denote ēh

s(i)t). We also augment the specifications used by previous
authors to include expected hourly earnings E(eh

s(i)t), which we construct in 2 ways. First, we
use own realizations on the same day in prior weeks, à la Crawford and Meng (2011). Second,
we use market days (during which realized wage rates are empirically higher, suggesting the
supply does not fully adjust to the increased demand for ride from market customers).
Putting this all together, we run the following regression:

Lit = β1ē
h
s(i)t + β2E(eh

s(i)t) +Xitδ + ηt + µi + εit (6)

where the dependent variable is a measure of daily labor supply for individual i at date
t, and the vector Xit includes time-variant covariates. We include fixed effects for the worker
and date are included, and cluster standard errors at the individual level.33

As discussed extensively in Farber (2005), estimating an equation like (6) only makes
sense if the average hourly earning are sufficiently autocorrelated within the day: the current
rate should only influence quitting behavior if it meaningfully predicts expected earnings
going forward. We examine the autocorrelation in earnings opportunities in Figure A1b,
in which we plot hour-by-hour average imputed wages, by quartile of the wage distribution
between 7 and 10 am (these are averaged at the stage level). We find that days that are in
the top quartile of earnings potential in the first three hours of the morning have on average
a higher earnings potential throughout the day, though the magnitude of the gaps is fairly

33Identification of this equation rests on the assumption that variations in ēh
s(i)t are exogenous to individual

labor supply. There are reasons to be concerned that this is not true. For example, if there is a correlated
negative supply shock, aggregate supply will fall, and the “wage” will rise. To address these sorts of issues,
we would ideally have a shock to the supply of other drivers. Unfortunately, as in most of the prior literature,
there is no such instrument available here. One possible instrument would be the needs of other drivers.
This is too weak for use here, as we have data on only a subset of all the drivers in any given stage.
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small. This raises further caution when interpreting results.
Based on the predictions of Köszegi and Rabin (2006), we expect β2 > 0 (people should

work more when they expect the wage rate to be higher) and β1 < 0 (earlier quits when
hourly earnings are higher than expected).

Results are presented in Table A7. Panel A presents the results using rational expec-
tations based on prior experience and Panel B using the market day dummies. There are
three main results. First, our earlier findings with respect to the impact of the cash need on
labor supply are unchanged when controlling for the wage rate (both expected and realized).
Second, workers are more likely to work on days when expected earnings are higher, a result
similar to Oettinger (1999) and Fehr and Goette (2007). Third, evidence on the intensive
margin is mixed. Conditional on working, workers earn more income, have more passengers,
and spend more time riding when earnings opportunities are higher. However, they quit
earlier on such days, supplying less total hours. On the intensive margin, then, the elasticity
of hours with respect to earnings opportunities is negative (replicating the negative “wage
elasticity” in Camerer et al. and others). In Table A8 we include the instrumental variable
regression like Farber (2015), and also obtain a negative “wage elasticity”.
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Appendix D: Robustness and alternative hypotheses

This section discusses potential threats to the analysis, including the possible existence of
experimenter effects,

Experimenter effects

The log asked individuals to record their cash need at the beginning of every day. Besides
the potential goal setting effect discussed before, one may worry that simply asking this
question made that specific amount salient in respondents’ minds. It is also possible that
respondents felt an experimenter demand effect, i.e. that respondents believed that the
researchers expected them to work up to the need, and then quit thereafter. In this section
we argue that these two types of experimenter effects are unlikely to be driving our results.

The most convincing test of the presence of such experimenter effects would be if we had
a comparable group of bicycle taxi drivers who were asked to fill logs similar to those we
used, except for the question on the daily cash need. We could then check whether workers
who were not asked to state their cash need still exhibit a positive relationship between
expected demands on income (e.g. ROSCA payments due) and labor supply. Though we
cannot test this directly since all of the workers in our study were asked about the need, we
can compare the variance in hours we observe in our sample to that of bicycle taxi drivers
followed in Dupas and Robinson (2013). While that data was collected between 2006 and
2008 (i.e. 1 to 3 years earlier than the present study), it was collected using almost identical
logbooks except that they did not include the question on the day’s needs. Interestingly,
we find comparable (and if anything, larger) within-worker variance in hours worked across
days in that earlier sample: 2.74 compared to 2.16 in the sample considered in the present
paper. This at least suggests that the large within-individual variance in daily labor supply
observed in the present study is not an artifact of our data collection protocol.34

A second way to test whether the data collection made needs particularly salient is to
check how persistent the effects are. If people were not income targeting before the study,
but then began to do so after keeping the logs since the cash needs became salient, then
such respondents would likely have switched back to their previous behavior after some
time. When we run the hazard analysis separately for the first and last month during which
individuals were keeping the logs, however, we find the exact same pattern of results, with
the same magnitude, for both time periods, suggesting no fading out.

34One question which we cannot answer is whether keeping any type of log in the first place affects behavior.
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Endogenous timing of needs

While many of the determinants of the cash needs reported by our study participants are
almost certainly exogenous and unexpected (e.g. health shocks, funerals), some can be
anticipated (e.g. food for the household). For such anticipated needs, workers may choose
the days in which they decide to “deal” with those – for example, they may decide to purchase
food on the day they expect to make more money, or they may decide to pay school fees
on the day they wake up feeling in particularly good health. If that is the case, workers
would mechanically report higher needs on days in which they expect to make more money,
explaining the positive correlation we observe between needs and labor supply. While this
may be the case on the extensive margin – on Sundays, which is much less likely to be a
work day than other days, respondents typically report smaller cash needs – this does not
appear to be the case on the intensive margin. What’s more, as shown in Table A2, people
report needs such as savings club payments exactly on the days in which these are paid (and
these savings club payments are on fixed schedule that workers cannot unilaterally decide
on). Finally, if we restrict the sample to individual-days with only unexpected needs, we see
the same pattern of results.

Ex-post rationalization of labor supply

Another concern is that people may have felt that they were “supposed to” make at least as
much as the need, and therefore filled in the needs at the end of the day to match whatever
they made that day. There are several pieces of evidence against this. First, respondents
were of course instructed to fill the log in order. During weekly recall surveys we checked
whether the logs were correctly filled (i.e. whether the log had been filled up to the current
time) and only paid respondents who had done so, building incentives to fill the log in order
throughout the day. Second, reported needs are highly correlated with shocks reported in the
weekly survey. Third, the reduced form relationship between shocks and labor supply exists,
and this analysis does not rely on the reported need amount. Fourth and most important,
while the amount that people earn is correlated with the need, it is not the case that people
often report earning just barely enough to cover the need. In fact, people only make enough
for the need on 41% of days, and only make 20 Ksh or less over the need 8% of the time.
This is consistent with the model predictions – if the need is sufficiently low or the wage is
sufficiently high, people will continue to work beyond the need level.
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Risk Sharing

Bicycle taxi drivers in our sample work in a specified area (or “stage”). Since riders know
each other, it is possible that workers have developed a risk-sharing institution in which
customers are funneled towards those workers who most need the money. Though we view
this as unlikely given that it is likely hard to observe each others’ needs and income, we
check for this by examining how earnings opportunities vary with the cash needs of other
workers at the stage (results on request). We find that the coefficients for others’ needs are
insignificant in nearly all specifications.

Savings or Credit Constraints

The results are clearly at odds with a frictionless version of the model, since in such a model
daily needs would not factor in. Even with savings or credit constraints added, daily needs
would still not predict quitting behavior (unless the severity of credit constraints varied over
time and was positively correlated with cash needs). For a neoclassical model to explain
the results, then, it would have to be that the needs enter the utility function directly, in
particular if the needs represent subsistence constraints. This is not plausible in our setting,
however, because people regularly make less than their reported “needs”–drivers only earn
enough to meet their needs on 41% of days. In addition, if people cannot save and effort costs
are not trivial, we would expect to see an increase in quitting when large lottery payments
are given. We therefore interpret needs as representing important expenditures that must
be dealt with soon, rather than as a true daily subsistence constraint.

We provide some additional evidence in support of this interpretation here. First, in Web
Appendix Tables A9 and A10, we show results in which we replicate our main results, but
show heterogeneity by access to credit (proxied by whether the respondent had received a
gift/loan in the 3 months prior to the baseline) and access to a bank account. We find no
evidence of heterogeneity along these dimensions, which furthers rules out that the results
could be driven purely by credit or savings constraints. Second, in Column 4 of Web Ap-
pendix Table A10, we present analysis in which we focus on one type of need which certainly
does not represent subsistence – about 7% of needs are listed as “nothing special.” Though
the number of observations for this analysis is fairly low, we find qualitatively similar results
to “nothing special” needs.
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Intra-Household Issues

Nearly all of the workers in our sample are married, so their labor supply decisions are likely
related to the behavior of their spouses – is it possible that the wife’s labor supply adjusts
in such a way to make the household’s labor supply patterns look more neoclassical? For
example, perhaps the wife works less when the lottery is received, or increases her labor
supply when need amounts are met. We view this as very unlikely, since it requires detailed,
timely information on each other’s behavior and previous work suggests that spouses do not
typically have such detailed information on each other (i.e. Robinson 2012). Further, intra-
household explanations would tend to predict different labor supply responses to individual
needs like ROSCA contributions compared to household needs such as school fees or food.
However, we find little difference in behavior for the two types of needs (Tables A11 and
A12).

Moving beyond intra-household labor supply, it is entirely possible that the spouses help
workers achieve their targets, just like coaches for athletes, as goal setting may work better
if there is a “witness” to the goal – e.g. bike drivers may be able to exploit the painkiller
benefits of goal setting if they tell their wife, upon leaving their house in the morning: “I
will not come home until I have 180 Ksh for food and my ROSCA contribution”.
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Appendix E: Other Determinants of the Daily Earned
Income Target

In the formulation of Köszegi and Rabin (2006), workers form expected earnings and hours
targets based on rational expectations. To test whether such expectations go into targets
among workers in our sample, we follow the approach of Crawford and Meng (2011), who
use average daily income or hours (by driver and day of the week) in previous weeks as
a proxy for income and hours targets. We replicate that analysis in Table A13. The odd
numbered columns replicate Crawford and Meng, while the even numbered columns include
a dummy for being over the need amount. We replicate the finding that reaching either the
income or hours target increases the likelihood of quitting in all specifications. When we add
in our need measure, we find that all three coefficients are significant, suggesting that both
expectations (in hours and income) and the daily need matter and affect the target.35’36

35Figure A2 replicates the hazard figures with estimated targets based on Crawford and Meng (2011) –
as can be seen, an increase in quitting behavior appears evident, but is much less crisp than with these
estimated targets rather than elicited needs.

36Note that the need amount appears uncorrelated with earning expectations based on previous earning
history in the data (results not shown).
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Appendix F: Model

We present a daily dynamic optimization program of labor supply with anticipated and
unanticipated needs. Following Köszegi and Rabin (2006), we assume the driver’s utility
has two components: (1) neoclassical utility, itself additively separable in utility from con-
sumption u(c) and disutility from labor v(h); and (2) gain-loss utility g(c, h, T ). Where c
is consumption, h the number of rides and T the target. Thus, in each period the utility
function is of the form:

U(c, h) = u(c)− v(h) + λg(c, h, T )

In our simulations, we present two potential functional forms for the gain-loss utility
term, which we compare with each other and with the neoclassical model. We also consider
the possibility of hyperbolic discounting with parameter β. Note that the neoclassical model
is nested in our set-up: it can be recovered by setting T = 0 and β = 1. The functional form
we favor for the gain-loss utility term is what we call the “painkiller model”:

gP K(c, h, T ) = v(min {h, T/f})

where f is the average fare, such that fh is total earned income from riding. In this
model, the effort cost is smaller up to the earned income target T . This can be seen if we
rewrite total utility at each period in its mathematical equivalent of:

U(c, h) = u(c)− (1− λI(fh < T ))v(h) + λI(fh ≥ T ))v(T/f)

Note that the painkiller functional form we set is mathematically equivalent to the more
familiar gB(c, h, T ) = I(fh < T )(u(fh)−u(T )) (reaching the target creates a boost in utility)
if we set λB = λP K/(1 − λP K). We focus on the painkiller one because formalizing it this
way is on par with the psychology literature on goal setting. The numbing effect applies
even on the first unit of effort, but it becomes pivotal when the worker is tired (the effort
cost is higher).

An alternative functional form for the gain-loss utility term, in line with that of Köszegi
and Rabin (2006) but not consistent with our data, is one where riders have a consumption
target:

gKR(c, h, T ) = I(c < T )(u(c)− u(T ))

We call this the “consumption targeting” model (labeled “Gain-Loss C” in the figures).
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The expected discounted pay-off for the driver is:

Et

[
U(ct, ht) + β

∞∑
i=1

δiU(ct+i, ht+i)
]

where c is consumption, h the number of rides, δ is the discount factor and β represents
the present-bias discount factor. We allow for present-bias in the model to be as general as
possible, but we simulate the model under both the nested case of no present bias (β = 1)
and the present-bias case in the simulation exercise.

We assume the bike-taxi driver starts the day with some savings from the previous days
(s), and given level of anticipated cash need (ca). He learns the unanticipated cash need
for the day (cu), and observes the waiting time between rides for the day (tw). He sets a
target T = ca + cu for the day (and knows he will set targets every day after that), and
decides optimally the number of rides to do that day, or equivalently when to quit, given
his expectations on the needs (hence targets) and waiting time realizations in the future.37

The evolution of the savings variable is given by s′ = (s+ hf − c)(1 + r) where f is the fare
per ride and r is the interest rate. To solve numerically and include credit constraints we
assume smin ≤ s ≤ smax.

The driver is naive about his present-bias and thinks that tomorrow he will decide opti-
mally the number of rides h′ to do that day:

V (s′, c′u, h′) = max
h′,c′

U(c′, h′) + δE [V (s′′, c′′u, h′′)]

But today (and when tomorrow arrives) he uses a different decision function due to the
presence of the present bias discount factor β:

W (s, cu, h
′) = max

h,c
U(c, h) + βδE [V (s′, c′u, h′)]

Recall from above that the target T is a function of the day’s need: T = ca + cu, thus
while the worker is a “broad bracketer” for all other aspects, the target is set under narrow
bracketing: workers anticipate tomorrow’s cash needs in today’s labor supply decision, but
not in today’s target. Narrow bracketing for goal setting (which we observe empirically) may
work well because the day’s cash needs are exogenous from today’s perspective, hence offer
a readily available target that cannot be strategically manipulated or revised downwards as

37Allowing for spontaneous reoptimization within the day does not change things, because we do not allow
the wage rate to change in an observable fashion within the day, thus the optimal number of rides planned
at the begining of the day (h∗(s, cu, tw, 0)), is equal to the optimal number of rides he plans to do after i
rides (h∗(s+ fi, cu, tw, i) + i).

58



fatigue sets in.
For the utility of consumption we use a linear function:

u(c) = c

and for the disutility of labor we use

v(h) = θ1r(htr) + θ2r(htr)2 + θ1w(htw) + θ2w(htw)2

where tr represents the average time a ride takes, and recall tw represents the average waiting
time between two rides (so a high tw means a low wage rate that day). The reason for not
using the standard disutility of labor is that we want to allow the physical effort of riding to
have a different cost from that of waiting idle for the next ride, as evidenced by our findings
above.

Calibration

All parameters used to calibrate the model, and their sources, are shown in Table A14. We
impute several parameters from earlier work (β, σ) or fill them in based on details from the
local economy (r). We use average ride lengths (tr) observed in our data. We draw the cash
need and waiting times from the empirical distribution. With these parameters, we still need
to input values for the effort cost parameters (θr and θw) and the reference-dependence factor
λ . We calibrate the effort costs parameters by matching the average daily hours worked
by those not exhibiting target-earning behavior in our sample.38Since we are matching two
effort parameters with just one moment, there is obviously some implicit choice we make,
but we note that the main patterns in the results qualitatively hold irrespective of how we
weight the different types of efforts. In particular, they hold if we set the effort cost of
waiting for customers to zero (θw = 0), i.e. making the neo-classical agent exhibit negative
wage elasticity.

Once we have calibrated the effort parameters using the labor supply of non-target earn-
ers, we calibrate the reference-dependence parameter by matching the average daily hours
of those identified as target earners.39

38We run the day-level analysis of Table 3 (Column 6) separately for each individual and classify an
individual as a “target-earner” if the coefficient on “log need” is positive and statistically significantly at
the 10% level in a one-sided test. About 33% of drivers are classified as target-earners according to this
definition.

39If we instead choose the parameter to match the average daily hours for the whole sample, we would
estimate a value for λ of 0.06 instead of 0.12.
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