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Resumen

Las plataformas de servicios en linea han ganado terreno en la ultima década. Estas
plataformas conectan a clientes en espera de tiempo con proveedores de servicios inde-
pendientes. Entre la plétora de plataformas de servicios en linea y a la carta, el mercado
de entrega de comestibles en linea, en particular, ha mostrado un rapido crecimiento y
se prevé que alcance los 786.600 millones de ddlares en 2024. A pesar de su creciente
popularidad, las plataformas basadas en servicios en linea plantean retos operativos,
como el desajuste entre la demanda y la oferta de servicios disponibles. Para aumen-
tar la complejidad, la mayoria de las plataformas a la carta funcionan con un modelo de
"gig-contractor”, en el que los trabajadores pueden autoprogramarse, o que aumenta la
incertidumbre sobre su disponibilidad. A medida que mas clientes se acostumbran a la
idea de pedir comida en linea, la demanda de servicios de entrega en linea ha aumen-
tado, al igual que la competencia entre los proveedores de servicios. Ademas, a menudo
existe una disyuntiva entre costes y calidad a la hora de decidir si se opta por los "al-
macenes oscuros” gestionados por la propia empresa para tener un mayor control sobre
los tiempos de recogida y la calidad del servicio, 0 por recoger en las tiendas minoristas
junto con otros clientes, sin coste adicional, pero a costa de unos tiempos de entrega mas
lentos y una calidad de servicio incierta derivada de la falta de existencias en las tiendas.
Por dltimo, esta el problema de los clientes que cambian de tienda o de plataforma de
alimentacion en linea debido a las lucrativas promociones y ofertas y a los bajos costes

de cambio. Todos estos factores convierten a las plataformas de venta de comestibles a



la carta en un negocio en crecimiento, pero dificil, que plantea interesantes cuestiones
de investigacion. El propésito de mi investigacién es examinar como los comportamien-
tos inherentes a los trabajadores gig, y los factores externos especificos de la tienda de
comestibles, y el consumidor final, podrian afectar el rendimiento y la supervivencia de
las plataformas de comestibles en linea. En el primer capitulo, analizo los factores que
afectan a la productividad y la calidad del servicio de los trabajadores autbnomos que
pueden autoprogramarse, y como esta informacion podria utilizarse para asignar mejor
las tareas. En el segundo capitulo, examino cémo las plataformas de comestibles en
linea podrian mejorar la eficiencia de la recogida de pedidos de las tiendas minoristas
mediante la programacion de tareas basadas en el trafico de la tienda y la urgencia de
la entrega del pedido. Por ultimo, en el tercer capitulo, exploro el efecto del valor de la
compra en linea, la calidad del servicio y la experiencia de compra en linea de los clientes
sobre la probabilidad de cambio de tienda y de abandono de la plataforma (churn) de los

compradores en linea.



Abstract

Online service platforms have gained traction over the past decade. These platforms
connect waiting time-sensitive customers to independent service providers. Among the
plethora of online and on-demand service platforms, the online grocery delivery market
in particular, has shown rapid growth and is projected to reach US$786.6bn in 2024. De-
spite its growing popularity, online service-based platforms pose operational challenges,
such as the mismatch between demand for, and supply of available services. To add to
the complexity, most on-demand platforms operate on a gig-contractor model, where the
workers can self-schedule, thereby increasing the uncertainty of workers’ availability. As
more customers are getting accustomed to the idea of ordering groceries online, the de-
mand for online delivery services has increased, and so has the competition among the
service providers. Furthermore, often there exists a cost-quality trade-off when perform-
ing decisions regarding whether to own company-managed dark stores’ to have more
control over picking times and service quality, or to pick from retail stores alongside other
customers, at no additional cost, but at the expense of slower turnaround times and uncer-
tain service quality resulting from in-store stockouts. Lastly, there is the issue of customers
switching to other stores, or to other online grocery platforms owing to lucrative promo-
tions & offers, and low switching costs. All these factors make on-demand grocery retalil
platforms a growing, yet challenging business, which poses interesting research ques-
tions. The purpose of my research is to examine how inherent behaviors of gig workers,

and external factors specific to the grocery store, and the end-consumer, could affect the



performance and survival of the online grocery platforms. In the first chapter, | discuss
factors affecting the productivity and service quality of gig workers who can self-schedule,
and how such information could be used to better allocate tasks. For the second chap-
ter, | examine how online grocery platforms could improve order picking efficiency from
retail stores by scheduling tasks based on store traffic, and urgency of the order delivery.
Lastly, in the third chapter, | explore the effect of online purchase value, service qual-
ity, and customers’ online shopping experience on the store-switching and platform-exit

(churn) probability of online shoppers.



Acknowledgements

Completing a PhD thesis is a tantalizing prospect, and is not possible without the help
and support of a lot of people. | would like to take this opportunity to express my sincere
gratitude towards my advisor, Prof. Daniel Corsten for his invaluable advice, support, and
encouragement that has guided me towards the successful completion of this document.
He has been an excellent teacher and mentor, and has inspired me to strive towards
excellence in teaching and research. Next, | would like to extend my sincere gratitude
towards my defense committee members, Prof. Srikanth Jagabathula of the Stern School
of Business, NYU, Prof. Pedro Amorim of INESC TEC, University of Porto, and Prof.
Laura Zimmermann of |IE Business School, IE University for sparing time out of their busy
schedules to be a part of my final defense committee. | would also like to extend my
gratitude to the Ph.D. program directors, Prof. Julio De Castro and Prof. Laura Maguire,
along with Ms. Maria Muriel, the doctoral programs coordinator, who have ensured that all
our academic needs are well taken care of. | also thank Prof. Antti Tenhiala of IE Business
School, for being a part of my Ph.D. proposal defense, and Prof. Laura Wagner of IESE
Business School, for graciously accepting the offer of an external substitute for my Ph.D.
final defense committee. Furthermore, | also thank all faculty members at IE Business
School, whose guidance, teaching, and support has helped me appreciate research in
a whole new light. | would also like to thank my fellow peers for their intellectual and
emotional support during the last five years. Finally, a special thanks to my father, mother,

and sister for their constant love, support, and prayers.



Contents

[List of Figures| X

List of Tables Xii

1 The Role of Within-Day Learning on Gig Workers’ Performance and Task Al- |

[_location| 10
1.1 ADStractl . . . . . . e e e e 10
1.2 Intr ON] + . o o e e e e 11
(1.3 Theory and Related Literature|. . . . . . ... .. ... ... ... ...... 17

(1.3.1  Gig worker behaviors in sharing platforms| . . . . . . ... ... ... 17
[1.3.2 Same-day learning, Working time tlexibility, and Performance| . . . . 18
(1.3.3 Order batching and task performancel . . . . ... ... ... .... 20
[1.3.4 Task complexity, discretion, and performance| . . . . . .. ... ... 22
(1.4 Research SettingandDatal . . . ... ... ... ... ... ......... 25
141 D VEIVIEW| . . . . . o o o e e e e e e e 25
(1.4.2 Key Variables| . . . . . . . ... . . 27
.5 EconometricModel . . . . . . .. ... ... . ... 31
1.5.1 Correction for Self-selection Bias: Heckman Selection Model . . . . 31
(1.5.2 Endogeneity Concerns and Instrumental Variables| . . . . .. .. .. 34
(1.6 Empirical Results|. . . . . ... ... ... ... .. L 37

[1.6.1 Main Results: The Impact of Same-day Experience on Performance| 37

Vi



[1.6.2 Eftects of Same-day Experience on Picking Iime| . . . . . .. .. .. 37

[1.6.3 Effects of Same-day ExperienceonDelay| . . . . . ... ... .... 39

[1.6.4 Eftect of Same-day Experience on ltems Substituted when Requested| 41

[1.6.5 Robustness Checks . . .. ... ... ... ... ... ........ 43
(1.7 Task Allocation Algorithm| . . . . . . . . . ... .. ... ... ... ... 46
1.8 Extension: A Minimalist Model for Batched Orders| . . . ... ... .. ... 49
(1.8.1 Single Store, Single Worker Model tor Batched Orders| . . . . . . .. 49
[1.8.2 Effect on Delays in Batched Orders|. . . . . . ... ... ... .... 50
(1.8.3 Improvements in Operating Costs for Batched Orders| . . . . . . .. 51
(1.8.4 Learning and Forgetting Effect . . . . ... ... ... .. ...... 51
1.9 Di lon an nclusion| . . . ... 52
(1.9.1 Managerial Implications| . . . . .. .. ... ... ... ........ 54
[1.9.2 Limitations and Scope for Future Research| . . . . .. ... ... .. 55

|2 Improving Picking Efficiency of Online Grocery Retailers When Order Pickers |

L__and Customers Co-exist 57
21 Abstractl . . . . . . . . 57
22 Infroduction . . . . . . . . . . . 58
2.3 Related Literaturel . . . . ... ... ... . . . ... 63

[2.3.1 Order Picking in Retall Stores - Impact on picking productivity| . . . . 63

[2.3.2 Stockouts, Replenishment, and Service Quality in /ess-busy store |

NOUIS| . . . . o e 65

[2.3.3 Impact of store traffic and queuing time on productivity| . . . . . . . . 66
[2.3.4 Impact of division of labor and task separation on productivity| . . . . 68

[2.4 Data and Empirical Strategy|. . . . . . . . ... . oo 69
.41 Research Setting|. . . . . . . . . . . . . 69
.42 DataOverviewl . . ... ... ... . ... 70
[2.4.3 Dependent Variables|. . . . . ... ... ... ... ... L. 71




[2.4.5 Matching Variables|. . . . . ... ... ... ... ... 000, 73
[2.5 Econometric Analysis| . . . . . . ... 73
[2.5.1 Matching Estimation| . . . . . .. ... ... oo 74
6 Besullsl . ... ... ... 75
2.6.1 Robustness Checks| . . . . ... ... ... ... ... ... ... 77
[2.7 Validation Study| . . . . . . ... 79
[2.7.1 Study Design and Objectives| . . . . . ... .. .. ... ... .... 79
2./.2 Study Results|. . . . .. ... oo 83
[2.8 Order Scheduling Algorithm| . . . . . . . . . .. ..o oo 86
[2.9 Separate picker and deliverer| . . . . .. .. Lo 89
2.10 Discussion and Conclusionl . . . . . . . . . . .o 91
101 Discussion . . .. .. ... 91
[2.10.2 Contributions and Managerial Implications|. . . . . .. .. ... ... 92
[2.10.3 Limitations and Scope for Future Research| . . . . . ... ... ... 93

3 The Impact of Service Quality and Customer Experience in Online Store |

Choi [ Platform-Exit Behavior 95
B Abstractl . . . . . . . . 95
B.2 Introduction . . . . . . . . . .. 96
3.3 _Review of Relevant Literaturel . . . . ... ... .. ... .......... 100
(3.4 Model and Methodology| . . . . . . . . . . ... 103

[3.4.1 Bayesian Analysis of Users’ Store-switching and Platiorm-exitf. . . . 105

(3.4.2 Multinomial Logit - Online Store Choice Model| . . . . ... ... .. 109
[3.5 Setting&Data] . .. ... ... .. .. 111
[3.6 Empirical Analyses|. . . . . . . . ... 115
[3.6.1 Analyses on Store-Switching and Platform-Exit) . . . . . ... . ... 115
[3.6.2 Analyses on Store-Switching| . . . . . . .. ... oL 130

viii



Bibliography| 145
A Appendix-Chapter1| 154
AppendIX Bl . . . . . . e e e e e e e e e e e e 154
APPENAIX Al . . o o e e e e e e e e e e e e e 178
B Appendix-Chapter2| 184
APPENAIX Al . . o o e e e e e e e e e e e e e 184
AppendixX Bl . . . . . . e e e e e 187
|IC Appendix-Chapter3| 189
AppendixX Al . . . . . e e e e e e e 189
ApPENdIX Bl . . . . . . e e e e e e e e e e e e e e e 205



List of Figures

(1.1 Interaction effects of Learning & Forgetting on Picking time peritem| . . . . 53
3.1 Plot for Switch:Purchase Value| . . . . . ... ... ... ... .. ...... 120
(3.2 Plot for Switch:Experience|. . . . . . . . . ... o oo 120
[3.3 Plottor Switch:Delay| . . . . . .. .. ... .. . . oL 121
(3.4 Plottor Switch:Missing| . . . . . . . .. ... 121

Plot for Switch: ifutions| . . . . . . .o 122
[3.6 Plot tor Platform-exit (2-month cut):Purchase Value|. . . . . . . .. ... .. 128
[3.7 Plot tor Plattorm-exit (2-month cut):Experience| . . . . . ... ... ... .. 128
[3.8 Plot tor Platform-exit (2-month cut):Delay| . . . . ... ... ... ... ... 129
(3.9 Plot tor Platform-exit (2-month cut):Missing| . . . . .. ... ... ... ... 129
[3.10 Plot for Platform-exit (2-month cut):Substitutions| . . . . . . ... ... ... 130
IA.1 Business Model of on-demand grocery platiorms| . . . . . . ... ... ... 178
|[A.2 Landing Page of a Personal Shopper|. . . . . . ... .. ... ... ..... 179
IA.3 Interaction effects of OSF on Picking Time | . . . . ... ... ........ 180
|A.4 Interaction effects of OSFonDelay| ... ... ... .. ... ........ 181
[A.5 Interaction effects of OSF on Substituted when requested|. . . . . . . . .. 182

|[A.6 Plots of OSF squared on picking time, delay, and substituted when requested183

X



[C.1 Plot tor Switch:Purchase Value (Excluding platform-exit) |. . . . . .. .. .. 205
[C.2 Plot for Switch:Experience (Excluding platform-exit)| . . . ... ... .. .. 205
[C.3 Plot tor Switch:Delay (Excluding platform-exit) | . . . ... .. ... ... .. 206
[C.4 Plot for Switch:Missing (Excluding platform-exit)| . . . .. .. ... ... .. 206
[C.5 Plot for Switch:Substitutions (Excluding platform-exit) | . . . . .. ... ... 207

Xi



List of Tables

(1.1 Summary of Hypotheses: Expected Directions| . . . . ... ... ... ... 24
[1.2 Descriptive Statistics: Level Equation|. . . . . .. .. ... ... ... .. .. 27
(1.3 ITwo-stage Heckman Selection - Picking Tmef . . . . . . .. ... ... ... 38
(1.4 Two-stage Heckman Selection-Delay| . . . . ... ... .. ... ... ... 40
[1.5 Two-stage Heckman Selection - Substituted when requested| . . . . . . .. 41
[1.6 Support for Hypothesestested| . . . . . . .. .. .. .. ... .. ...... 42
1.7 Listof R n hecksl . . ... ... . . ... 43
(1.8 Task Allocation Algorithm - Baseline Comparison| . . . . . . ... ... ... 48
2.1 PSM - emptystore queue store| . . . . . . . ... ... oL 75
2.2 PSM - emptystore_hour store| . . . . .. ... .. ... ... ... 76
[2.3 GPS (Dose Response) - pickingtime vs continuous queuing time| . . . . . . 78
[2.4 Endogenous treatmenteffect . . . ... .. ... ... o oL 80
[2.5 Queuing time (regular checkout) vs Perceived store busyness|. . . . . . .. 84
[2.6 Picking time vs Perceived store busyness| . . . . . . . ... ... ... ... 85

[2.7 ttest for mean difference in queuing time (seli-checkout vs regular checkout) 85

[2.8 Task Scheduling Algorithm - Comparison with baseline values|. . . . . . .. 88
[2.9 Propensity Score Matching - Separate Picker & Deliverer] . . . . .. . . .. 91
[3.1 Descriptive Statistics| . . . . . .. .. ... ... L 112
[3.2 Variable Operationalization| . . . . ... ... ... ... ........... 114




[3.3 ME Probit model for users’ store-switching|. . . . . . .. ... .. ... ... 116

[3.4 MH Sampling Parameter Estimates: Store-switchingl . . . . . ... ... .. 117

[3.5 Bayesian model log predictice score (LPS) comparison (Store-switching), . 122

[3.6 ME Probit model for Platform-exit (2-month)| . . . . . .. ... ... ... .. 125
(3.7 MH Sampling Parameter Estimates: Platiorm-Exit (2-month cut)] . . . . . . 126
[3.8 Bayesian model LPS comparison: Platform-exit (2-month cut){ . . . . . . .. 127
[3.9 Multinomial Logit model: Roma| . . . . .. ... ... ... .......... 131
[3.10 Multinomial Logit model: Milano|. . . . . . ... ... ... ... ....... 133
[3.11 Multinomial Logit model: Torino| . . . . . . ... ... ... .. ... ..... 135
|[A.1 Descriptive Statistics: Choice Equation|. . . . . . .. ... ... ... .... 154
IA.2 Two-stage Heckman: Choice Equation| . . . . . ... ... ... ... .... 155
A3 Correlation Matrixl . . . ... ... ... . . ... 156

[A.4  OSF vs Picking Time (discrete measures for batching, complexity, and dis- |

Cretion)l . . . . . o e e 157

[A.5 OSF vs Delay (discrete measures for batching, complexity, and discretion) . 158

[A.6 OSF vs Substituted_when_reqd (discrete measures for batching, complex- |

Ity, AISCretion)| . . . . . . . . .. e e 159
IA.7 Two-stage Heckman Selection - HSF vs Picking Timef . . . . . .. ... .. 160
IA.8 Iwo-stage Heckman Selection- HSFvsDelay] . . . ... ... ... .. .. 161
IA.9 Two-stage Heckman Selection - HSF vs Substituted when requested| . . . . 162
IA.10 Two-stage Selection - OSF vs Picking Time (Alternate IV)| . . . . . ... .. 163
IA.11 Two-stage Selection - OSF vs Delay (Alternate IV)[ . . . . .. .. ... ... 164

[A.12 Two-stage Selection - OSF vs Substituted when requested (Alternate IV)| . 165

[A.13 Subsample of workers with above-average experience| . . . . . . . ... .. 166
IA.14 Subsample of workers with average+1SD experiencel . . . ... ... ... 167
IA.15 Subsample of workers with OSF inthetop25%|{. . . . . . .. .. ... ... 168
IA.16 Subsample of workers atter removing bottom 10% Inactive workers| . . . . 169

Xiii



|[A.17 2-week lag worker behaviors| . . . . . . . . ... Lo 170

IA.18 Alternative measure of weather (actual hourly precipitation) |. . . . . . . .. 171
IA.19 Regressions including peakhourcontrols| . . . .. ... ... ... .. ... 172
IA.20 OSF vs Picking Time: Including OSF2 in models m4tomé| . .. ... ... 173
IA.21 OSF vs Delay: Including OSF2 in models m3andm4| .. ... ....... 174
|A.22 1st stage results - Pickingtime (m1)[ . . . . .. ... ... .. ... ..... 175
[A.23 1st stage results - Delay (m1)| . . . . . . . . . .. .. . . oL 176
|A.24 1st stage results - Substituted when requested (m1)| . . . . . ... ... .. 177
[B.1  Matching estimations using Nearest Neighbor Matching (NNM)| . . . . . .. 184
[B.2 Matching estimations using IPW, RA, and IPWRA[. . . . .. ... ... ... 185
B.3 _PSM - Alternative Models for Robustnessl . . . . ... ... ......... 185
B.4 PSM - Alternative DV (No. of missingitems)| . . . . . . ... ... ... ... 186

[C.1 Gibbs Sampling Parameter Estimates (Store-switching and Platform Exit)| . 189

(C.2 MH Sampling Parameter Estimates (Store-switching, Covid19 control)] . . . 190

(C.3 MH Sampling Parameter Estimates:Store-Switching (Controls: (1) City Change, |

(2) Partner Store)l . . . . . . . . 191

[C.4 MH Sampling Parameter Estimates:Store-Switching (User RE; Red. Sample){191

[C.5 ME Probit model for Store-switching (excluding platform-exit)] . . . . . . .. 192

[C.6 MH Sampling Parameter Estimates: Store-switch (excluding platform-exit) . 193

[C.7 MH Sampling Parameter Estimates: Plattorm-Exit (1-month cut) . . . . .. 194

[C.8 MH Sampling Parameter Estimates: Platiorm-Exit (2-month cut; Recent |

store-switch control)l . . . . . . . . .. L 195

[C.9 Multinomial Logit model: With user demographics| . . ... ... ... ... 196

Xiv



Introduccion

Las plataformas de servicios a la carta ponen en contacto a clientes que necesitan ser-
vicios rapidos, fiables y de facil acceso con proveedores de servicios independientes,
también denominados "trabajadores por encargo”. Estas plataformas ofrecen una gran
variedad de servicios, como viajes en coche (Uber, Lyft, Bolt), reparto de comida (Do-
ordash, Grubhub, Uber Eats), reparto de comestibles (Instacart, Deliveroo, Glovo) y mu-
chos mas. En particular, las plataformas de entrega de comestibles en linea han ganado
traccion masiva en el pasado reciente. Se prevé que el mercado mundial de entrega de
comestibles en linea alcance los 786.800 millones de ddlares en 2024. A pesar de su
creciente popularidad, las plataformas basadas en servicios en linea plantean retos op-
erativos, como el desajuste entre la demanda y la oferta de servicios. A medida que mas
clientes se acostumbran a la idea de pedir productos en linea, la demanda de tales ser-
vicios ha aumentado, al igual que la competencia entre las plataformas a la carta, que se
disputan una parte de la cuota en este mercado cada vez mas competitivo y con escasos
margenes operativos. Para mayor complejidad, la mayoria de las plataformas a la carta
operan con un modelo de "gig-contractor”, en el que los trabajadores pueden autopro-
gramarse, lo que lleva a una disponibilidad incierta de los trabajadores, dificultando aun
mas la adecuacion entre la oferta y la demanda. En estas circunstancias, es importante
comprender los comportamientos y las caracteristicas especificas de los trabajadores

auténomos que afectan al desempeno de sus tareas.

Partiendo de esta idea, en mi primer capitulo examino como los comportamientos



y caracteristicas especificos de los trabajadores gig repercuten en la disponibilidad de
trabajo y en el rendimiento de las tareas en una plataforma de comestibles en linea.
Ademas, examino como estos impulsores del rendimiento podrian ser utilizados para
la asignacion de tareas adecuada de los trabajadores gig disponibles. La idea de este
estudio tiene una motivacion practica, ya que la mayoria de las plataformas de gig-work
asignan las tareas aleatoriamente al trabajador disponible mas cercano. En otras platafor-
mas, la asignacién se realiza en funcion de las valoraciones previas o de la experiencia
previa de los trabajadores. Sin embargo, estos mecanismos de asignacion no suelen ser
utiles, ya que los trabajadores suelen tener lagunas en la continuidad de su servicio, lo
que provoca un efecto de "olvido”, especialmente cuando los trabajadores visitan tien-
das desconocidas después de una larga interrupcion del servicio. Ademas, cuando las
plataformas se expanden a nuevas zonas geograficas, es posible que los trabajadores no
tengan experiencia previa (o valoraciones). Por lo tanto, investigamos si la experiencia
reciente -mas concretamente, la experiencia de un dia- podria influir positivamente en el
rendimiento de los trabajadores gig y, por lo tanto, utilizarse como parametro de clasifi-
cacion en la asignacion de tareas. Desarrollamos un modelo econométrico para analizar
la productividad y la calidad del servicio de los trabajadores gig, teniendo en cuenta el
sesgo de seleccién de la muestra y la endogeneidad. A continuacion, utilizamos los
resultados de nuestro analisis para clasificar a los trabajadores gig en funcién de su
experiencia previa y diaria, y desarrollamos un algoritmo de asignacion de tareas para
asignar el trabajo en funcion de la clasificacion de los trabajadores gig y la complejidad
de las tareas. Por ultimo, predecimos las mejoras de rendimiento resultantes de la nueva

asignacion de tareas.

Mi segundo capitulo esta motivado por otro problema practico de relevancia en las
plataformas a la carta. En los dos ultimos anos, un gran numero de plataformas de
entrega ultrarrdpida de comestibles cerraron por completo sus negocios o se retiraron

de determinados mercados, mientras que otras introdujeron importantes cambios op-
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erativos en su modelo de negocio. Sin embargo, plataformas de comestibles en linea
como Instacart, Deliveroo y Glovo han prosperado. La principal diferencia entre la en-
trega de comestibles en linea y la ultrarrapida es que los compradores personales de
las plataformas de comestibles en linea recogen los pedidos de las tiendas minoristas
de comestibles y los entregan en la ubicacion del cliente. Por otro lado, las plataformas
ultrarrapidas (de comercio rapido) poseen sus propios microcentros de distribucion, cono-
cidos comunmente como tiendas oscuras. Ambos enfoques tienen sus propias ventajas e
inconvenientes. Por ejemplo, las empresas de comercio rapido tienen plazos de entrega
mas rapidos y se enfrentan a menos problemas relacionados con la calidad, porque las
tiendas son gestionadas por la propia plataforma. Sin embargo, estas empresas incur-
ren en costes adicionales de gestion de las "tiendas oscuras” y de los empleados de las
tiendas. Debido a los escasos margenes operativos de este sector, incurrir en costes
adicionales podria suponer una amenaza para la supervivencia del comercio rapido. Por
otro lado, las plataformas de comestibles en linea realizan la recogida en las tiendas mi-
noristas tradicionales, evitando asi los costes adicionales, pero se enfrentan al riesgo de

entregas mas lentas y problemas de calidad del servicio, como la falta de existencias.

Por tanto, nuestra idea se centra en identificar técnicas que puedan mejorar los pla-
zos de entrega sin incurrir en costes adicionales de gestién y mantenimiento de los
"almacenes oscuros”. En concreto, nos centramos en las ventajas de la recogida de
comestibles en linea por parte de compradores personales (gig workers) de tiendas mi-
noristas. Los "gig workers” de las plataformas de supermercados online se encuentran
con frecuencia con la presencia de clientes y otros empleados de la tienda mientras reco-
gen pedidos de tiendas minoristas "ocupadas”. Esto afecta a su eficiencia en la recogida
debido a la interferencia de los clientes y a las largas colas en las cajas, asi como a la
calidad de la recogida debido a la falta de existencias y a los errores de recogida. Una
alternativa viable a este problema podria ser programar la preparacién de pedidos "no

urgentes” durante las horas de menor afluencia a las tiendas. Sin embargo, las horas de
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menor afluencia se utilizan a menudo para reabastecer las tiendas y, por lo tanto, es posi-
ble que las estanterias queden vacias y se produzcan roturas de stock. A continuacion,
desarrollamos un algoritmo de programacién para planificar la preparacion de pedidos
en funcién de la urgencia y de las caracteristicas especificas del pedido. A continuacion,
comparamos las mejoras previstas en términos de reduccion del tiempo de preparacion
de pedidos y de la falta de existencias. Sin embargo, nos damos cuenta de que pro-
gramar todos los pedidos con antelacion no es factible debido a las caracteristicas del
producto (articulos refrigerados o congelados) y a la urgencia de la entrega. En tales cir-
cunstancias, proponemos dos técnicas adicionales mediante las cuales se puede reducir
el tiempo de compra. En primer lugar, examinamos las ventajas de utilizar mostradores
de autopago y aplicaciones de escaneado sobre la marcha para reducir el tiempo de
espera en las colas y, por tanto, el tiempo de compra. A continuacion, utilizamos los re-
sultados de una prueba A/B para determinar si la adopcion de un mecanismo separado
de recogida y entrega puede ayudar a reducir el tiempo de entrega y los retrasos. De-
mostramos que nuestros mecanismos propuestos pueden ayudar a mejorar la productivi-
dad (reduciendo el tiempo de recogida y de entrega) y la calidad del servicio (reduciendo

los retrasos y el numero de roturas de stock).

Por ultimo, en mi tercer capitulo, examino el comportamiento de los clientes al com-
prar en una plataforma de comestibles a la carta. Nuestro conjunto de datos Unico nos
permite examinar los comportamientos de compra de los clientes durante un periodo
de tiempo significativo. En particular, estamos interesados en examinar el efecto de los
factores de "empuje”, como el precio y la calidad del servicio, en el comportamiento de
cambio de tienda de los clientes, al tiempo que incorporamos los comportamientos de los
clientes y la experiencia de compra en linea en nuestros modelos. cambio de tienda es un
fendmeno que se analizo originalmente en trabajos sobre comercio minorista (y market-
ing), en los que el coste del cambio se mide como la distancia entre tiendas, compensada

con precios, surtido, etc. Nuestro trabajo difiere de los anteriores en que examinamos el
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cambio de tienda de los clientes en funcién de su tienda principal de afiliacion, es decir,
la tienda en la que compran la mayor parte de los articulos en un periodo de tiempo de-
terminado. Ademas, en un entorno de supermercado en linea, no hay costes de cambio
basados en la distancia ni fricciones temporales. En concreto, examinamos los factores
que afectan a la utilidad intrinseca de los clientes hacia su tienda-marca “principal”, y su
efecto de segundo orden en el cambio de tienda principal. En concreto, nos centramos
en los factores que influyen en el cliente y en la calidad del servicio en linea. Los com-
portamientos de compra de los clientes evolucionan a medida que adquieren experiencia
de compra online. Esto afecta a la utilidad intrinseca hacia sus marcas de tiendas pri-
marias, cuando se producen problemas de calidad de servicio como el agotamiento de
existencias y las sustituciones. Nuestro objetivo, por tanto, es examinar el efecto de la
experiencia en linea y de la calidad del servicio en la decision de cambiar de tienda y de
abandonar la plataforma (fuga de clientes), respectivamente.

En conclusion, nuestro trabajo examina los factores que afectan al rendimiento de
las plataformas de comestibles a la carta. En concreto, examinamos como el traba-
jador auténomo, la tienda minorista y el cliente pueden afectar al rendimiento y a las
futuras compras de las plataformas de comestibles en linea, y sugerimos mecanismos
para mejorar el rendimiento general en términos de productividad, calidad del servicio y

futuras recompras.



Introduction

On-demand service platforms connect waiting time-sensitive customers in need of rapid,
easily accessible, and reliable services to independent service providers, who are also
called "gig workers”. Such platforms offer a variety of services, such as ride-hailing (Uber,
Lyft, Bolt), food deliveries (Doordash, Grubhub, Uber Eats), grocery deliveries (Instacart,
Deliveroo, Glovo), and many more. In particular, the online grocery delivery platforms
have gained massive traction in the recent past. The worldwide online grocery delivery
market is projected to reach US$786.8bn in 2024. Despite their growing popularity, online
service-based platforms pose operational challenges, such as the mismatch between
demand for, and supply of services. As more customers are getting accustomed to the
idea of ordering products online, the demand for such services has increased and so has
the competition among on-demand platforms, who are vying for a piece of the share in
this increasingly competitive market with thin operating margins. To add to the complexity,
most on-demand platforms operate on a gig-contractor model, where workers can self-
schedule, which leads to uncertain availability of workers, thereby making demand-supply
matching even more difficult. Under these circumstances, it is important to understand the

specific behaviors and characteristics of gig workers that affect their task performance.

Building on this idea, in my first chapter, | examine how specific behaviors and char-
acteristics of gig workers impact work availability and task performance in an online gro-
cery platform. | further examine how these drivers of performance could be utilized for

proper task allocation of the available gig workers. The idea of this study was practically
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motivated, as most gig-work platforms allocate tasks randomly to the nearest available
worker. In some other platforms, allocation is done on the basis of prior ratings or, prior
experience of gig workers. However, such allocation mechanisms are often not useful
as gig workers frequently have gaps in the continuity of their service, thereby leading to
a ‘forgetting’ effect, especially when workers visit unfamiliar stores after a long service
gap. Furthermore, when platforms expand to new geographies, gig workers might not
have prior experience (or ratings). We therefore investigate whether recent experience -
more specifically, within-day experience, could positively impact the performance of gig
workers, and therefore be utilized as a ranking parameter in task allocations. We develop
an econometric model to analyze gig workers’ productivity and service quality, while ac-
counting for sample selection bias and endogeneity. We then utilize the results from our
analysis to rank gig workers based on prior and within-day experience, and develop a
task allocation algorithm to allocate work based on gig workers’ rank, and the complexity
of the tasks. Finally, we predict performance improvements resulting from the new task

allocations.

My second chapter is motivated from another practical problem of relevance in on-
demand platforms. The last couple of years saw a great number of ultrafast grocery deliv-
ery platforms either completely shut their businesses down or exit from certain markets,
while others made significant operational changes in their business model. However, on-
line grocery platforms such as Instacart, Deliveroo, and Glovo have flourished. The major
difference between online, and ultrafast grocery delivery is that personal shoppers of on-
line grocery platforms pick orders from grocery retail stores and deliver it to the customer’s
location. On the other hand, ultrafast (quick commerce) platforms own their own micro
fulfillment centers, commonly known as dark stores. Both approaches have their own
advantages and disadvantages. For example, quick commerce companies have faster
turnaround times and face fewer quality-related issues, because the stores are managed

by the platform itself. However, these companies incur additional costs in managing the

7



‘dark stores’ and the in-store employees. Owing to the thin operating margins in this in-
dustry, incurring additional costs could pose a threat to the survival of quick commerce.
On the other hand, online grocery platforms perform picking from traditional retail stores,
thereby avoiding the additional costs, but face the risk of slower deliveries and service

quality issues such as stockouts.

Central to our idea, therefore, is to identify techniques that could improve turnaround
times without incurring additional costs of managing and maintaining ‘dark stores’. Specif-
ically, we focus on the benefits of online grocery picking by personal shoppers (gig work-
ers) from retail stores. Gig workers of online grocery platforms frequently encounter the
presence of customers and other in-store employees while picking orders from ‘busy’ re-
tail stores. This affects their picking efficiency due to customer interference, and longer
checkout queues; and the quality of picking due to out-of-stocks and picking errors. A
viable alternative to this problem could be to schedule the picking of ‘non-urgent’ or-
ders during hours that are characterised by low store traffic. However, ‘less-busy’ store
hours are often utilized for store replenishment, and therefore, one might encounter empty
shelves and out-of-stocks (OOS). We therefore match similar order baskets picked dur-
ing busy vs less-busy periods to establish the value of picking during less-busy periods.
Next, we develop a scheduling algorithm to schedule order picking based on urgency and
order-specific characteristics. We then compare the predicted improvements in terms of
reduction in order picking time and out-of-stocks. However, we do realize that scheduling
all orders ahead of time is not feasible due to product characteristics (chilled or frozen
items), and delivery urgency. In such circumstances, we propose two additional tech-
niques through which shopping time can be reduced. First, we examine the benefits of
using self-checkout counters and scan-on-the-go apps to reduce queuing time, thereby
reducing the shopping time. Next, we utilize the results from an A/B test to determine
whether adopting a separate picker and deliverer mechanism can help reduce delivery

time and delays. We demonstrate that our proposed mechanisms can help improve pro-
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ductivity (by reducing picking time and delivery time), and service quality (by reducing
delays, and number of stockouts).

Finally, in my third chapter, | examine customers’ behaviors while shopping from an
on-demand grocery platform. Our unique dataset allows us to examine customers’ pur-
chasing behaviors over a significant period of time. In particular, we are interested in
examining the effect of ‘push’ factors such as price, and service quality on customers’
store-switching behavior, while incorporating customers’ behaviors and online shopping
experience in our models. Store switching is a phenomenon that was originally examined
in retailing (and marketing) papers, where the switching cost is measured as distance be-
tween stores, traded-off with prices, assortment etc. Our work differs from prior work in
that we examine customers’ store-switching in terms of their primary store of affiliation -
i.e., the store from which they purchase the largest share of items in a given time period.
Moreover, in an online grocery setting, there are no distance-based switching costs or
temporal frictions. Specifically, we examine the factors affecting customers’ intrinsic utility
towards their ‘primary’ online store-brand, and its second order effect on primary store
switching. In particular, we focus on customer-specific drivers, and online service quality
drivers. Customers’ shopping behaviors evolve as they gain online shopping experience.
This affects the intrinsic utility towards their primary store brands, when service quality
issues such as stockouts and substitutions occur. Our objective, therefore, is to examine
the effect of online experience and service quality on the decision to switch stores, and to
exit the platform (customer churn), respectively.

In conclusion, our work examines factors affecting the performance of on-demand
grocery platforms. Specifically, we examine how the gig worker, the retail store, and the
customer can affect performance of, and future purchases from online grocery platforms,
and suggest mechanisms to improve the overall performance in terms of productivity,

service quality, and future repurchase.



Chapter 1

The Role of Within-Day Learning on Gig
Workers’ Performance and Task

Allocation

1.1 Abstract

Online platforms operating on a gig-work model rely on self-scheduling gig contractors
to meet real-time demand, while maintaining the desired productivity and service quality
levels. Such platforms either adopt a broadcast mechanism, where workers have the au-
tonomy to select orders, or a dispatch mechanism, where the platform assigns orders to
workers. In most platforms, however, tasks are randomly allocated based on the proxim-
ity of the worker to the store, or on the basis of prior ratings of workers. However, such
allocation mechanisms are often not useful as gig workers frequently have gaps in the
continuity of their service, thereby leading to a ‘forgetting’ effect, especially when workers
visit unfamiliar stores after a long service gap. Furthermore, when platforms expand to
new geographies, gig workers might not have prior experience (or ratings). Drawing from

theories of learning, and flow, we investigate whether within-day experience can positively
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impact workers’ performance, and therefore be utilized as a ranking parameter in task allo-
cations. Utilizing data from an online grocery platform, we develop an econometric model
to analyze gig workers’ productivity and service quality based on their within-day expe-
rience, while accounting for sample selection bias and endogeneity. Our findings reveal
that as within-day experience increases, both productivity and service quality improves.
Since we aim to allocate work based on task characteristics, we examine the effect of or-
der batching and task complexity on performance. We observe that when workers batch
orders, within-day experience reduces delays, but also reduces picking productivity and
item substitutions. We further observe, for complex tasks, higher same-day experience
is beneficial up to a threshold, beyond which it improves picking productivity but reduces
substitutions. Utilizing results from our analysis, we rank gig workers based on prior and
same-day experience and develop a task allocation algorithm to allocate tasks based on
gig workers’ rank, and the complexity of the tasks. We calculate predicted improvements
in productivity and service quality from the new task allocations. The predictions demon-
strate that allocating gig workers to tasks by accounting for their behaviors and skills,
along with the complexity of the tasks, while limiting order batching leads to performance

improvements.

1.2 Introduction

Online service platforms have gained traction over the past decade. These platforms
connect waiting time-sensitive customers to independent service providers (Taylor, 2018;
Benjaafar et al., 2022; Benjaafar and Hu, |2020; Guha, 2023). Such platforms offer a vari-
ety of services, such as ride-hailing (Uber,Lyft, Bolt), food deliveries (Doordash, Grubhub,
Uber Eats), grocery deliveries (Instacart,Deliveroo, Glovo), and many more. According
to Statista (2024), the worldwide online grocery delivery market alone, is projected to

reach US$786.6bn in 2024. In recent years, on-demand grocers started offering ultra-fast
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deliveries which promise 10-15 minute deliveries (Cheng, 2021a), thereby improving the
online grocery shopping experience even further. Despite its growing popularity, gig work
platforms pose operational challenges, such as the mismatch between demand for, and
supply of available services (Benjaafar and Hu, 2020; Allon et al., 2023} Xu et al., 2023;
Guha, [2023). Since gig contractors are not directly under the platform’s control and can
self-schedule, having rapid turnaround times is often not feasible, as it requires workers to
be available at the right time to serve consumers at short notice (Guda and Subramanian,
2019;|Guha, 2023). Moreover, even with available workers, platforms often struggle with
delivery task allocation, which in turn affects on-time task completion (Sharma, 2020). It
is therefore crucial for managers to understand the worker behaviors that could impact
order-level productivity and service quality under this business model. This paper seeks
to investigate how learning by doing can help gig workers improve their task performance,

and how managers could utilize this information to better allocate tasks.

Recent work in the sharing (gig) economy setting has examined gig workers’ labor
decisions such as when and for how long do such workers make themselves available for
work (Allon et al.,|2023), and how incentives and penalties affect these working decisions
(Xu et al., 2023). An aspect that has been ignored in this literature is how gig worker
behaviors might impact individual task productivity and service quality. Following this, an-
other relevant aspect for practitioners is how to allocate tasks to available workers in a way
that improves overall task performance. Most on-demand grocery platforms either adopt
a broadcast mechanism, where workers have the autonomy to select orders, or a dispatch
mechanism, where the platform assigns orders to workers (Dai et al., [2022). However,
when it comes to task suggestions (or assignments), the objective of platforms is to deliver
orders within the promised time, while minimizing delivery cost (Glovo, 2021} |Paul, 2022).
In doing so, the algorithms do not take workers’ behaviors and skills into account, which
could help provide a better quality of service. An exception to this approach is order al-

location based on the overall ratings of personal shoppers, adopted by Instacart (Helling,
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2023). However, such an approach can be problematic as new workers might not have
sufficient ratings to demonstrate their abilities. Moreover, since customers can select not
to rate at all, a higher (lower) rating might not be a true representation of the workers’ skills.
Another often suggested approach in the literature is the task experience (or familiarity)-
based allocation of individuals to tasks. For example, |[Espinosa et al.| (2007) posit that
task familiarity is more beneficial with more complex tasks. However, platforms frequently
expand to new geographies and settings where the available gig workers might not have
prior experience. Moreover, simply allocating tasks to experienced workers could cause
an experience disparity, as new workers would not gain sufficient delivery experience. An-
other concern raised by |Dal et al.| (2022) is that in a gig-work setting, individual experience
might have adverse effects on worker performance, especially at the exploration stage.
Thus, allocating (or suggesting) tasks to workers based on experience alone, is unlikely
to yield significant performance benefits. We therefore investigate whether recent experi-
ence - more specifically, within-day experience, could positively impact the performance

of gig workers, and therefore be utilized as a ranking parameter in task allocations.

To examine how managers of sharing platforms can effectively suggest (or assign)
tasks to gig workers, it is important to consider how gig workers make labor decisions
(Allon et al., 2023). Such decisions capture the intrinsic and extrinsic motivations of work-
ers (Xu et al., 2023), which in turn affects workers’ task performance. As workers per-
form additional tasks, they benefit from the phenomenon of learning by doing. Individual
learning can take place both within the same day, or across days, as the worker gathers
experience. There is an abundance of literature on the role of individual learning (and
experience) in affecting workers’ task performance. See, for example, (Reagans et al.,
2005[;[Huckman and Pisano, 2006; Narayanan et al., 2009; Kc and Staats, 2012; Ramdas
et al., 2018; Batt and Gallino, 2019;; |Bavafa and Jonasson, 2021). However, only a hand-
ful of studies focus on within-day learning on individual task performance. Among existing

studies Quinn| (2005) explain that within the day, as workers’ indulgence increases, their
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sense of control over an activity, and the confidence in their ability to perform the said ac-
tivity increases, resulting in improved performance (Guha, [2023). In another study, Staats
and Gino| (2012) find that same-day, same-task experience has a positive effect on worker
productivity and could lead to a reduction in task completion time. None of the studies,
however, examine the effects of within-day learning in a gig-work setting, where although
some work is repetitive, each task differs from the other in terms of complexity, time, and
effort required. Directly applying findings from prior studies with a traditional workforce
setting to gig platforms could lead to misleading conclusions (Agrawal et al., 2015; Guha,
2023) because gig workers have the flexibility to select their work hours and which tasks
to work on, with limited supervision from managers (Dali et al., [2022). Furthermore, since
gig workers are likely to select hours that provide them sufficient rest and breaks for per-
sonal chores, their performance in individual tasks is less likely to be hampered due to
loss of concentration, demotivation, or fatigue (Kelliher and Anderson, 2010};|(Cousins and
Tang|, 2016; Guha, |2023). As a result, previous findings which posit the possibility of an
inverted-U relation between same-day learning and productivity might not hold true in this
new setting. Therefore, the first goal of this work is to investigate the effects of same-
day experience on gig workers’ productivity and service quality in individual tasks. We
measure productivity using picking time, and service quality with order delays, and item

substitution for stocked-out items when customers requested a substitution.

Recent studies demonstrate that longer voluntary work reflects gig workers’ motivation
to work, owing to specific behaviors such as an earnings target-setting behavior (Sheldon,
2016[;|Chen et al., 2019; |Xu et al., 2023} Guha, 2023), which positively affects the produc-
tivity rate, and intrinsic motivation, which positively affects the service quality (Xu et al.,
2023}; Dai et al., [2022). However, it is quite likely that workers might become less attentive
to details as their working time increases. Thus, inferring from the results documented
in the prior studies, workers’ within-day experience may have both positive and adverse

effects on performance. To the best of our knowledge, [Dai et al. (2022) is the only study
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that has examined how prior experience in a gig-work setting, affects service quality. Our
work differs from this study as we examine the effect of gig workers’ within-day experience
on individual task performance, as opposed to the effect of prior experience on aggregate

task performance across all orders delivered in a day.

The second goal of this work is to understand how to utilize gig workers’ within-day
learning and prior task experience to allocate tasks. Our objective is to examine whether
within-day experience could be useful in handling specific tasks that are more demand-
ing. We first examine order batching, which is a common practice in on-demand food
and grocery delivery platforms, where the order picker picks and delivers multiple orders
together (Guha, [2023). Gig workers’ order batching decisions may have a direct impact
on task productivity and service quality. For example, order batching from the same store
could reduce the picking time per order, as it could reduce both travel and search costs
(Batt and Gallino, 2019). It could also lead to improvements in service quality by reducing
delays. On the other hand, batching could reduce productivity by increasing the average
picking time per order, especially if the orders are accepted at different times within the
same hourly slot. Similarly, the income-targeting behavior of gig workers (Allon et al.,
2023) can make them more productive at the expense of service quality. It is therefore
crucial to understand whether higher same-day experience is beneficial when orders are

batched.

Next, we examine the effect of task complexity and gig workers’ discretion in complex
tasks on performance. In our setting, we measure task complexity based on the number of
stockout items for which a substitution was requested. Stock-out substitutions are not only
time-consuming, but also involve higher discretion and skill. For example, in our setting,
if a worker encounters a stockout, she needs to first check whether the customer has
requested a substitution or not. If yes, the worker needs to either call the customer and
suggest alternatives or use their discretion to select a suitable substitute. Prior research

has revealed that as task complexity increases, it is better to have greater experience at
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the individual worker level (Huckman and Staats, 2011). However, whether it is better
to allocate a complex task to a gig worker who might have the same level of overall
experience, but higher (lower) within-day experience, remains unexplored. Understanding
the effect of task complexity and gig workers’ discretion could be crucial in allocating tasks,
especially when workers do not have sufficient prior experience or, all available workers

have a similar level of experience.

Our final objective is to devise a task allocation mechanism that increases gig workers’
performance. We propose a ranking methodology based on gig workers’ within-day ex-
perience and prior task experience, to rank available gig workers in each hourly slot. We
then develop an allocation algorithm to assign complex tasks to higher-ranked workers,
while accounting for order batching possibilities. We incorporate multiple constraints to

replicate the realities of our setting.

We test our research questions using a comprehensive dataset from an on-demand
grocery platform. The gig-work setting has unique empirical challenges as compared to
traditional settings, for example, gig workers can choose which slots they want to work
in, leading to potential self-selection bias in the estimation. To tackle this challenge, we
employ a two-stage Heckman selection model to model workers’ slot selection decisions
in the first-stage choice equation and examine the effects of work availability and working

time on performance in the second-stage level equation.

This study makes multiple contributions to theory and practice. First, we establish
a causal relationship between gig workers’ same-day experience and task performance.
We find that as within-day experience increases, both order-level productivity and ser-
vice quality improves. Second, by investigating the moderating effects of order batching,
task complexity, and worker discretion in complex tasks, we provide insights into when
the benefits of longer same-day work on task performance are most pronounced. We
find that longer same-day work hours bring more prominent productivity benefits when

order batching is present at low levels, task complexity is moderate, and worker discre-
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tion in complex tasks is also moderate. Finally, predictions from the new task allocation
algorithm, based on our econometric models, demonstrate improvements in gig worker

productivity and service quality.

1.3 Theory and Related Literature

Our work is related to three streams of literature: (i) gig worker behavior in sharing plat-
forms, (ii) the impact of working time flexibility, and within-day learning on workers’ task
performance, (iii) the effect of task characteristics, such as, task batching and task com-

plexity on performance.

1.3.1 Gig worker behaviors in sharing platforms

Our work is closely related to studies on gig worker behaviors in sharing platforms. Past
studies have examined various aspects of gig worker behaviors and their impact on gig
worker availability and performance (Chen and Horton, 2016; Sheldon, |2016; Chen et al.,
2019 |Hall et al., [2021; He et al., 2021}; Thakral and To, 2021 |Allon et al., 2023]; Xu et al.,
2023; Dai et al., 2022). Primarily, the focus of the investigations has been examining the
impact of earnings on gig worker behaviors. In particular, Sheldon (2016) investigates
the effect of wages on workers’ decision to work and their working time. [Thakral and To
(2021) and Chen et al.| (2019) examine workers’ income targeting behavior, and achiev-
ing the desired targets, on the decision to work. Allon et al.| (2023) study the effect of
behavioral and economic factors on gig workers’ decisions to work, and the duration of
work. |Xu et al. (2023) examine how incentive schemes of sharing platforms, such as
earnings, ratings, and penalties, affect the working decisions of gig workers. However, so
far none of the existing studies have examined whether frequent gaps in service of gig
workers could cause a ‘forgetting’ effect, and therefore accentuate the value of recent (or

within-day) experience. Specifically, none of the studies examine how prior experience
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and within-day experience could work in-tandem to improve gig workers’ productivity and
service quality in individual tasks. To the best of our knowledge, Dai et al.| (2022) is the
only study that examines how prior experience affects gig workers’ performance at an
aggregate level. In this study, we focus on individual tasks and within-day experience. By
focusing on individual tasks, we are better able to account for task characteristics (e.g.,
picking and delivery time of individual tasks, batching, complexity, and other order-specific

information) that could affect the productivity and service quality of orders delivered.

1.3.2 Same-day learning, Working time flexibility, and Performance

Our primary objective is to examine the effect of within-day (learning) experience on gig
workers’ performance in individual tasks. Influential literature has examined the effect of
within-day work through different lenses. Most notable are the studies on the effect of
(same-day) working time on performance. Past studies that examine the effect of work-
ing time on performance, reveal contradictory findings. Feldstein (1967) finds that longer
hours improve productivity if a worker faces fixed set-up costs, or if longer hours lead to a
better utilization of capital goods. However, recent work by Pencavel (2015) reveals that
the marginal effect on productivity per worker, with each additional hour of work, starts
decreasing due to worker fatigue, which is likely to set in after a specific duration of hours
worked (Guhal, 2023). We refer to |Kc (2020) for a detailed review of studies demonstrating
the detrimental effects of fatigue and overwork on performance. None of these studies
consider the positive effects of within-day experience, which takes place with an increase
in same-day learning on worker performance. Among another branch of studies, Quinn
(2005) demonstrates that within-day experience not only provides mental benefits, but
also physical benefits. The author explains that as individuals start executing tasks, in
addition to gaining control and confidence over the tasks performed, they gain muscle
memory, which helps improve productivity. Along similar lines, Staats and Gino| (2012)

hypothesize that same-day, same-task experience has a positive effect on worker produc-
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tivity. Among other studies, Batt and Gallino (2019) demonstrate that picker experience
could reduce search time for items, leading to improved productivity. Although the au-
thors use cumulative experience instead of recent (within-day) experience, such a finding
could also be expected as workers gain higher same-day similar-task experience (Guha,
2023). In addition to the effect on average performance, prior experience (or same-day
experience) can affect performance variance as well. Bavafa and Jonasson| (2021) and
Dal et al.| (2022) find that experience can reduce variance in task completion time and
delay time, respectively. To reconcile the contradictory views on the impact of same-day
experience on performance, we examine whether working time flexibility of workers can

help reduce the detrimental effects of fatigue, resulting from longer same-day work.

Since all workers in our setting are gig workers who have full flexibility to select their
work hours, such flexible work hours can directly or indirectly impact within-day task per-
formance. For example, [Kelliher and Anderson (2010) and (Golden (2012) reveal that
providing employees with schedule flexibility affects productivity positively, because em-
ployees make a greater effort in exchange for working in an environment that caters to
their preferences. (Golden (2012) posits that greater control over the timing of work helps
workers alleviate the detrimental effects of long hours such as fatigue and demotivation
and leads to improved performance. Among studies examining the effect of working time
on service quality, Dal et al.| (2015) found that healthcare workers become less compliant
with handwashing rules over the duration of their shift, indicating that a worker’s attention
towards service quality might shift as she works longer hours. Among other studies, |Lu
and Lu| (2017) find that the introduction of overtime laws reduced the quality of care pro-
vided by nurses. This reduction in quality was caused by changes in staffing policies of
permanent and contractual nurses (Guha, 2023). Contrary to the previous studies that
demonstrate a detrimental effect of working time on quality, [Kesavan et al.| (2022) find
that increasing workers’ control over their schedule provides workers with a greater say

in their work hours. They further demonstrate that increasing the average weekly work
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hours advances “distributive justice” for part-time workers by offering workers a greater
share of available hours and pay, which in turn leads to improved service quality and
performance (Guha, 2023). Drawing from a recent study by Xu et al.| (2023), we expect
that some workers are more extrinsically motivated, while others are intrinsically moti-
vated. Gig workers with higher extrinsic motivation are more likely to remain productive,
to increase their earnings, as same-day work duration increases. On the other hand,
gig workers with higher intrinsic motivation are more likely to focus on quality, as higher
service quality is likely to get rewarded with better ratings. Therefore, we expect that as
the within-day experience of gig workers increases, it leads to an improvement in picking
productivity, measured as reduced pick times; and service quality, measured as reduced
order delays, and increased item substitutions for stockouts.

Hypothesis 1: As within-day experience increases, gig workers’ productivity and ser-

vice quality in individual tasks increases.

1.3.3 Order batching and task performance

One of the objectives of our research is to allocate workers with higher same-day and prior
experience to more challenging tasks. Therefore, it is crucial to understand the effect of
within-day experience on performance when order batching is present. Past studies that
examined the implications of multitasking on the productivity of individual workers (Kc,
2020) have found evidence of both positive and negative impacts of multitasking on per-
formance (Guha, 2023). For example, Kc (2014) found evidence of the detrimental impact
of multitasking on physician productivity and the task quality. However, the study reveals
that a small increase in multitasking could enhance productivity and service quality, by
reducing idle time and increasing worker engagement (Guha, 2023). In another study,
Ibanez et al. (2018) examine the task batching behavior of radiologists and found that
prioritization and batching of tasks led to a detrimental effect on both productivity and

service quality.
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However, none of these studies have examined the effect of task batching in a gig-
work setting, and whether it is beneficial when workers’ within-day experience increases.
To understand this effect, we first consider the direct effect of order batching on picking
and delivery performance. Although batching could decrease the average picking time
per order by reducing the travel and search costs (Batt and Gallino|, [2019), it could also
increase the average picking time if the orders arrive at different times within the same
hourly slot, or have distinct items. The detrimental effect of batching would be more
pronounced if the number of batched orders is higher, as any initial improvements in
picking time and delays would fade away as the number of batched orders increases (Kc,
2014; Lupien et al., [2007};|Guha, 2023). This, in turn, could increase delays by prolonging
both picking and delivery times. Furthermore, as the number of batched orders increases,
the chances of incorrectly substituted items could increase, leading to reduced service
quality. Therefore, we might expect an initial boost in task performance with an increase
in order batching, but the positive effects might fade away as the number of batched orders
increases. We now examine the effect of longer same-day experience when batching is

present.

As workers’ within-day experience increases, they gain more control over the tasks,
which helps them adapt their picking technique in batched orders, thereby improving
productivity and reducing delays. Dai et al.| (2022) demonstrate that experience gained
through batched orders can help improve both productivity and service quality. Although
the findings of this study are not directly applicable to our work because gig workers in
our setting are assigned orders by the platform and do not have full autonomy in order
selection, we expect that within-day experience gained through batched orders would re-
duce delays. Moreover, once workers gain sufficient same-day experience, they exploit
their learning to better estimate order processing times, which in turn leads to improved
productivity (Guha, 2023). In terms of service quality, we expect intrinsically motivated

workers to be attentive toward item substitutions. However, extrinsically motivated work-
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ers could be less attentive to details, thus reducing service quality. In some platform
settings, workers are penalized for receiving poor ratings (Xu et al., 2023). However,
in this case, gig workers are not penalized for poor performance. As a result, the ser-
vice quality is more likely to suffer as workers with higher same-day experience deliver
batched orders. Therefore, we conjecture a different effect on each of the three measures
of worker performance:

Hypothesis 2: Higher within-day experience reduces stockout substitutions, when or-
ders are batched.

Hypothesis 2b: Higher within-day experience improves picking productivity and re-

duces delays, when orders are batched.

1.3.4 Task complexity, discretion, and performance

Next, we focus on the effect of same-day experience on performance when task com-
plexity is high. Remember that task complexity in our setting is defined as the number of
stockout items in an order for which a substitution was requested. The higher the count
of items to be substituted, the more complex the task, as order pickers would need to ei-
ther call the customer and suggest available substitutes or use their discretion to perform
substitutions. In either case, it involves additional time and thus has a direct impact on
picking time (productivity). Moreover, substitution is an important quality measure, as cus-
tomers could easily switch to a different platform if they consistently encounter stockouts
or improper substitutions in the orders received. Since gig workers do not receive formal
training on the job, learning from same-day and prior experience helps becomes crucial
while handling complex tasks involving substitutions. Therefore, we investigate whether
same-day experience can help workers better manage such tasks.

Existing research on the impact of task complexity on productivity reveals mixed find-
ings. Huckman and Staats| (2011) reveal that when complexity increases, greater ex-

perience at the individual-level is more beneficial than that at the team-level. Kc et al.
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(2020) investigate physicians’ discretion while performing complex tasks and find that al-
though task completion preference of physicians improves the throughput volume within
a shift, when the throughput volume is adjusted for complexity, selecting less complex
tasks leads to worse throughput volume performance (Guha, 2023). To understand the
effect of within-day experience on performance when task complexity is higher, we need
to first understand the mechanisms of how gig workers’ motivation affects the productivity
and quality of service delivered. [Xu et al. (2023) and (Allon et al., [2023) demonstrate that
gig workers’ motivation to work longer is driven by both intrinsic motivation, which results
from past ratings and penalties; and extrinsic motivation, which results from actual or pos-
sible earnings on a given shift or day (Guha, |2023). It could therefore be inferred that gig
workers who have higher within-day experience tend to have higher extrinsic and (possi-
bly) higher intrinsic motivation, which is likely to improve their productivity and quality of
service. Drawing from these studies, we could infer that workers with higher within-day ex-
perience will perform order picking faster than their counterparts, when the task is more
complex (Guha, 2023). However, it is possible that as same-day experience increases
beyond a threshold, the effect of fatigue will become more prominent (Golden, 2012; Kc,
2020). As a result, the motivation of workers to be attentive toward the service quality

might decrease, negatively affecting item substitutions.

Next, we discuss the discretionary behavior of gig workers when faced with complex
tasks. |Ibanez et al. (2018) study the discretionary behavior of radiologists and find that
when doctors deviate from the prescribed sequence of tasks, it seldom yields productivity
gains. Specifically, when doctors use their discretion to prioritize less complex tasks, it
could often lead to losses in productivity. Past studies in settings involving gig contractors
have also investigated the discretionary behavior of gig workers in selecting tasks (Allon
et al., [2023; Xu et al., 2023; |Dai et al., 2022). However, none of these studies investigate
the impact of gig workers’ discretionary behavior on task performance, especially when

the tasks are complex in nature. In our setting, when the customer requests that an
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item substitution be made without calling, it requires the worker to use her discretion to
substitute. We expect that while performing complex tasks involving discretion, the longer
same-day experience of gig workers could have opposing effects on productivity, and
service quality (Guha, 2023). We conjecture that when gig workers with longer same-day
experience use their discretion, they are quicker in making substitutions as it does not
require them to call the customer, thereby saving time and improving productivity. On the
other hand, the picker is more likely to make inaccurate or no substitutions at all, because
they might be unsure of what the customer wants, or they might be driven by their extrinsic

motivation to complete the task faster (Guha, |2023). Therefore:

Hypothesis 3: Same-day experience increases the picking productivity of gig workers

while delivering complex tasks, but reduces the quality of service delivered.

Hypothesis 4: Same-day experience increases the picking productivity of gig workers
while delivering complex tasks using their discretion, but the reduces the quality of service

delivered.

Note that since task complexity affects order picking time (and stockout item substitu-
tions), we do not interpret its effect on order delays, as we already control for picking time

in the delay equation. Table 1.1 presents a summary of the hypotheses below:

Table 1.1: Summary of Hypotheses: Expected Directions

(1) (2) (3)

pickingtime delay substituted when_reqd

H1 (OSF) 1 ! T
H2 (OSF*batching) i) { i)
H3 (OSF*complexity) i} - i}
H4 (OSF*discretion) i} - 1

T increases, ¥ decreases
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1.4 Research Setting and Data

We test our hypotheses using data collected from a leading online grocery delivery plat-
form in Europe. Please refer to Appendix, Figure A.1 for a detailed description of the
business model of on-demand grocery platforms. Our data set includes roughly 1.68mn
orders delivered by 6,303 gig workers from 1,782 stores (98 unique store brands) across
ltaly from 1% October 2020 to 30" September 2021 for a period of 12 months. Appendix,
Figure A.2 provides a brief overview of the landing page of a personal shopper. In this
section, we first present the details of our data set and then introduce the key variables

used in our estimation.

1.4.1 Data Overview

Our consolidated data set has been prepared from five different data parts — (i) Order data,
which includes information regarding unique orders, customers, order pickers, stores, city,
timestamps (first item pick time, last item pick time, paid at counter time, final delivery time,
and delivery deadline time), compensation, call duration with customer, order batching
information, and Net Promoter Score (NPS); (ii) Order item data, which includes category
name and brand information regarding each item in the order, information on whether
the item requested was found (purchased the requested product), replaced (substituted
the product with an alternative), or missing (stocked-out), item price, quantity of each
item requested and found, and whether the customer had requested a substitution with
or without call for each individual item, in case the item was stocked out; (iii) Order picker
data, which includes picker, all orders delivered by the picker along with the picking date,
gender, age, and country of birth; (iv) Customer data, which includes customer id, all
orders placed by the customer along with the date, customer postal code, gender, and
age; (v) Store data, which includes store id, store brand id, store postal code, store size,

and whether the store is a partner. Merging the five parts, we create a consolidated data
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set.

Our data set contains orders picked and delivered by gig workers using our focal plat-
form during the estimation period. We further remark that the workers did not take any
orders from other stores on the platform, except for these 98 store brands. Since our focal
platform is one of the largest on-demand grocery delivery platforms in Italy, and these 98
store brands cover almost all major store brands in ltaly, we would expect only a small
proportion of orders to be taken from other stores using other platforms. Although it is
unlikely that workers gain experience by shopping from other store brands not listed by
our focal platform, workers may gain unobserved additional experience by shopping from
the same store brands for other platforms. To further alleviate such concerns, we use

instrumental variables approach, illustrated in section 4.2.

Our original data consists of 2,913,500 orders delivered from 1st January 2019 to 4th
October 2021. Due to the lack of gig worker earnings data in the period of 1st Jan 2019
to 1st October 2020, we exclude all observations in this period. Moreover, the data in
this period is prone to errors due to several A/B tests such as picking and delivery being
performed by two separate workers, the advent of Covid-19 during the March to June 2020
period, etc. Of the remaining 1,695,248 observations, 12,611 orders delivered outside
Italy in countries such as the Czech Republic, Poland, and France, with no information
regarding the cities of operation were excluded. Finally, we exclude 4,113 orders for which
the pick start or pick end timestamp was missing. The final data set consists of 1,678,524
order observations. To account for workers’ self-selection of hourly slots, following /Allon
et al.| (2023)’s approach of drivers’ shift selection, we expand the order-level data into a
courier-day-slot panel, where courier_id is the unique worker id. Each day is split into
14 hourly slots between 7 a.m. till 9 p.m. during which gig workers pick and deliver
orders. Workers can select the slots in which they prefer to work and are allocated orders
placed in those slots. The worker-day-slot panel has a total of 6,046,793 observations to

investigate workers’ daily slot-wise working decisions. Finally, we exclude the first day’s
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observations because we need to include lag variables in our estimation; see Section 4.1

for details.

1.4.2 Key Variables

In this subsection, we discuss the key variables in the model. We begin with the depen-

dent variables. Table 1.2 reports the summary statistics of the key variables used in the

2nd stage level equation.

Table 1.2: Descriptive Statistics: Level Equation

Variable Description Mean SD Min Max
pickingtime Picking time (in minutes) of order t 24.72 1512 1.00 83.01
delay Delay (in minutes) of order t 6.51 17.04 0.00 111.41
substituted_when_reqd Number of stockout items substituted when requested 1.84 224 0.00 48.00
OSF Same-day orders delivered so far before order t 1.97 222 0.00 25.00
OSF_other Orders by other workers in same city-date-slot as worker i 207 1.76 0.00 14.00
experience log of worker i’s prior task experience before the focal day,d 548 1.47 0.00 8.08
advancetime Time between pick start and delivery deadline 86.29 38.37 0.00 174.76
num_item Number of items in order 28.28 1491 1.00 100.00
num_substitution Number of substitutions in order t 1.84 224 0.00 48.00
call_duration Call duration (in minutes) during order t 0.05 0.37 0.00 11.83
storefamiliarity log of worker i’s experience in the same store as order t 3983 152 0.69 7.90
store_size Size of the store (in '000 sqm) 224 2.01 0.11 14.50
num_batched Number of batched orders 0.40 0.83 0.00 10.00
ccomplexity Stockout items for which substitution was requested 279 289 0.00 14.00
cdiscretion Items for which substitution was requested without call 0.85 1.75 0.00 9.00

Dependent Variables. Our estimation is based on the Heckman selection model,

which consists of two steps: the choice equation (first stage) and the level equation (sec-

ond stage); see Section 4.1 for more details. For the first stage choice equation, the

dependent variable is a dummy variable, worked; ; 4, which equals 1 if worker / works on

slot s of day d (Guhal, 2023). For the second stage level equation, we consider three key

dependent variables related to workers’ task performance:

Picking time: Order picking time, a measure of worker productivity, is measured as

the period (in minutes) between the first and the last item of the order, and denoted

as pickingtime;,;, where t denotes the focal task. For batched orders, the picking times
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overlap between orders. We, therefore, calculate the picking time of a batched order as
the difference between the pick-end time of the last batched order, and the pick-start time
of the first batched order, multiplied by the ratio of the number of items in the focal order
and the total number of items in all orders combined. Specifically, let us assume there
are 2 batched orders (A and B). Order A contains 10 items, and Order B contains 15
items. The pick-start time of order A is 9:01 a.m., and the pick-start time of order B is 9:20
a.m., while the pick-end time of order A is 9:34 a.m. and the pick-end time of order B is
9:36 a.m. So the picking time of order A will be (9:36 a.m. - 9:01 a.m.)*(10/(10+15)), i.e.,

35*(10/25), or 14 minutes (instead of 33 minutes), and for order B it will be 21 minutes.

Delay: Delay time per order (in minutes), a measure of service quality, is calculated as
the additional time taken after the delivery deadline, and denoted as delay;,. Delay equals

0 if the order was delivered before the deadline.

Substituted when requested: Stockout items substituted when requested by the
customer, another measure of service quality, is measured as the count of items substi-
tuted when an item was stocked out and a substitution was requested, and is denoted as

substituted_when_req;

Independent Variables. In this section, we discuss our independent variables —

within-day experience, order batching, complexity, discretion, and other control variables.

Within-day experience: The key independent variable in our estimation is the expe-
rience of a worker i before task t performed in slot s on the day d. Following (Bavafa
and Jonasson, [2021}; |Staats and Gino, 2012), we utilize the cumulative number of orders
delivered by worker i on the day d before task t as the primary measure of same-day
experience, denoted by the variable, orders so far (OSF;;). Later in our robustness check,
we also use the cumulative number of hours worked on the same day before the focal
task (HSF;,) to rerun our main estimation.

Order Batching: The variable num_batched is the number of orders batched together.

An order is said to be batched if multiple orders are picked and delivered simultaneously
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by the gig worker i from the same store in the same slot, or two consecutive slots of a
given day. Recall that since an order can be picked in one slot and delivered in the next,
it is possible that the picking of two or more orders started simultaneously or after some

time in a specific slot and ended in the next slot.

Complexity: We define an order to be more complex if the number of stocked-out items
in an order is higher. In our main analysis, we use ccomplexity, which is a (top 1%)
winsorized measure of numstockout _reqsub. We winsorize the variable as extreme values
could influence the impact of the variable. In the online appendix tables A.4, A.5, A.6,
we measure complexity as a categorical variable that takes the value of high, medium,
or low. Complexity is low if numstockout _reqsub < 2, which corresponds to the 50th %ile;
medium if numstockout _reqsub > 2 and < 7, which corresponds to the 90" %ile; and high

if numstockout _reqsub > 7.

Discretion: An order requires more discretion from the gig worker when an order has a
higher number of stocked-out items for which a substitution was requested without calling
the customer. In our main analysis, we use cdiscretion, which is a (top 1%) winsorized
measure of stockout _sub_withoutcall. In Online Appendix tables A.4, A.5, A.6, we measure
discretion as a categorical variable that takes the value of high, medium, or low. Discre-
tion is low if stockout _sub_withoutcall < 1, which corresponds to the 75th %ile; medium
if stockout _sub_withoutcall > 1 and < 5, which corresponds to the 95th %ile; and high if

stockout _sub_withoutcall > 5.
Controls. We now consider the control variables used in the estimation.

Worker Behaviors: We first introduce variables on worker behaviors, i.e., OSF;,
CSF, s, worktime_lag; 4, and hours_weeklag; 5. OSF; s is measured as the cumulative number
of orders delivered by worker i on the day d before task t. It captures the worker’s work-
ing time targeting or inertia behavior. CSF;, is measured as the cumulative earnings of
worker i on day d before task t. It controls workers’ same-day earning-targeting behavior.

worktime_lag; 4 is measured as the working time of worker / on the same day (as day d) of

29



the previous week. hours_weeklag,; 4 is a proxy for workers’ working habits, and represents
the total working time of worker / on the previous week. In the robustness checks (section

5.5) we implement a 2-week lag control as well.

Worker Characteristics: We control for worker characteristics using new_worker;,
which equals one if the worker joins the platform after the beginning of our observation

period.

Delivery Conditions: We control for the delivery conditions with variables precipprob, 4,
humidity. 4 5, supply.qs and demand.q,. In particular, precip_hourly.,, measures the
precipitation probability in the city ¢, on the day d, and slot s. We use supply. 4, and

demand, 4 ; 10 capture the market supply and demand in slot s of the city ¢ on date d.

Order Characteristics: We control for order characteristics using several variables
including experience;;, store familiarity; ;, num_item; s, call_duration; ;, num_substitution; , store_size; ,
dif f zipcode;;, advancetime;;, pickingtime;;, deliverytime;;. In particular, experience;; is
measured as the cumulative number of orders delivered by worker i before day d. It
measures the prior experience of worker i before the focal day in which task t is per-
formed. Next, storefamiliarity;, is measured as the cumulative number of orders delivered
by worker i from the same store as task t. It measures the familiarity of worker i to the
store from which task t has to be picked. Among other variables, num_item;; is the num-
ber of items present in the task t, num_substitution; , represents the number of substitutions
made in case of stockouts in task f, call_duration;; measures the duration of time that the
worker / was on a call with a customer while order picking, store_size;; represents the size
of the store (in 1000 square meters) from which the order was picked, diff_zipcode;; is
a binary indicator of whether the store postal code and customer address postal codes
were different, and is used as a proxy for distance traveled. Lastly, advancetime;; is mea-
sured as the period (in minutes) between the pick start time and the delivery deadline.
It represents the time a worker had in advance before the delivery deadline. The idea

is that the higher the time in advance, the lower the chances of delay. We have already
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described pickingtime;, before. Finally, deliverytime;, is the period (in minutes) between

the order payment time at the store and the final delivery time at the customer’s location.

1.5 Econometric Model

We begin by considering an appropriate specification to examine our research questions.
The objective of this work is to investigate the impact of recent (within-day) work expe-
rience on gig workers’ performance. First, we consider a baseline fixed effects model

specification for worker i’s performance on task t, we have:
Performance;, = 0 ;+ 1 OSFi; + QZi;+ Ty + K + &y — (1)

where Per formance;; is worker i’s performance in task t, OSF;; is the within-day experience
measure, Z;, is a vector of control variables, and 7,, and k; are the day-of-the-week, and
individual fixed effects, respectively. Note that ¢, is the error term. Directly estimating
model (1) via ordinary least squares regression and interpreting the estimated parameter
o, as the effect of same-day experience on worker performance measures might lead to
biased estimates due to two potential empirical challenges, namely, self-selection bias,

and endogeneity (Guha, [2023), which we discuss in sections 4.1 and 4.2.

1.5.1 Correction for Self-selection Bias: Heckman Selection Model

A major empirical challenge in the gig work setting is that each worker endogenously
determines whether to work, thereby leading to a self-selection bias (Guhal, 2023). To
address this estimation bias, we employ the Heckman selection model (Heckman, |1979),
which corrects the self-selection bias through the first-stage choice equation (i.e., whether
to work in a specific day and hourly slot of any given week). Furthermore, following [Se-
mykina and Wooldridge (2010), to better estimate the Heckman selection model, one

needs an exogenous variable in the first stage, which affects the first stage choice equa-
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tion but does not directly affect the second stage level equation (Guha, 2023). In our set-
ting, gig workers can select the days of the week, and the hourly slots within a day in which
they prefer to work. Therefore, the first stage choice equation estimates gig workers’ de-
cision on whether to work in a specific slot on a given day (worked; ; 4), and the second
stage level question estimates the worker performance on a focal task (Performance; ).
Note that an order can start in one slot and end in the following slot. However, when it
comes to determining slot selection, we consider the slot in which the picking started. We
do so because our focal platform allocates tasks only in those slots in which the workers
made themselves available (Guha, 2023). Following Allon et al. (2023), Xu et al.| (2023),
and Dai et al. (2022) we introduce a variable denoted as avgcomp_last, which is the av-
erage compensation per order received by the focal gig worker from the platform in her
previous working day. The variable avgcomp_last is likely to affect workers’ working de-
cisions because such decisions (i.e., whether to work or not) mainly rely on the workers’
recent work experience. This variable, however, is unlikely to directly affect the worker’s
performance for the focal task because the compensation amount varies across days.
Since gig workers observe a different compensation amount offered by the platform once
they start working on a new task on a new day, their performance is more likely to be af-
fected by this new compensation amount (Guhal, 2023). We can write the selection model

as follows:

1 if worked;;; > 0
worked; s 4 = h —(2)

0 otherwise

worked”; s 4 = Bo,i + Baavgcomp last; 4+ BXisq+uisa —(3)

Performance*m if worked;sq = 1
Per formance;; = —(4)
unobserved otherwise
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Performance;, = Yo; +Y1OSFi s+ YZis + OAi g0+ Quw+Ni+vie —(5)

0 1 po,
~N< 1P ) ~(6)
0| |po, o?

where equations (2) and (3) correspond to the first stage choice equation and equations

:q[\)

Q
=

(4) and (5) correspond to the second stage level equation.

The first stage choice equation is estimated through a Probit model where worked; is
the latent variable and u; , 4 is the error term. We also include the exogenous variable prom
avgcomp_last; 4 in the first stage. Other control variables contained in vector X; ; ; includes
CSF;y, precipprob, g4 5, humidity. 4 s, Supply. 4 s, demand,. g4 5, hours_weeklag; 4, worktime_lag; 4,
and new_worker;.

The second stage equation is estimated by including the inverse Mills ratio (IMR), de-
noted as A; ; 4, computed through the first stage to control for selection bias. We consider
three task performance measures (for Performance;,) - the order picking time, the delay
time, and the order substitution count (when a stockout-based substitution was requested
by the customer). The key variable of interest in this study is OSF;;, which measures the
gig worker’s same-day task experience computed as the number of orders delivered be-
fore the current task, t. Note that OSF;; will be set to 0 at the beginning of each day. Only
after a worker has delivered her first order, OSF;, is updated to 1 (Guha, 2023). Other
control variables in the level equation are included in the vector Z;;, that is, experience;,,
store familiarity; ,, num_item; ;, num_substitution;;, call_duration;;, store_size;;, advancetime;,
dif f zipcode;;. The variable v;, is the error term in the level equation.

Following Dai et al.| (2022), to alleviate the concerns of multicollinearity of the regres-
sors in both stages and weak nonlinearity of the IMR, we use different controls in vectors
Xi s and Z;;, while letting X; ; contain all variables in Z;, that are exogenous to the sample-
selection bias (Semykina and Wooldridge, [2010). In other words, X; ; includes all variables

in Z;, that are observable regardless of workers’ working decisions, such as weather and
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past availability to work. Finally, we also introduce day-of-the-week fixed effects (¢,,), and
individual fixed effects (n;) to control for the behavioral changes across the day of the
week, and unobserved individual characteristics. We present the correlation between the
choice and level questions in (6), where p is the correlation coefficient of u; ; and v;,, and
o, is the standard deviation of v;;. Lastly, due to the inclusion of IMR from the choice
equation, we bootstrap the standard errors of both stages, and write a program to model

the same (Semykina and Wooldridge, 2013, 2017} |Guha, 2023).

1.5.2 Endogeneity Concerns and Instrumental Variables

Directly estimating gig workers’ task performance by regressing the within-day hours
worked on task performance (Per formance;,) could lead to biased estimates. Our concern
arises because the measure of within-day experience (OSF;;) is potentially endogenous
as workers could be working for other organizations, either separately, or simultaneously
with our focal organization. This could lead to an omitted variable bias, as learning and
fatigue from same-day work in another organization, outside our focal organization, could
affect the performance of the focal task (Guha, 2023). Huckman and Pisano (2006) find
that task performance is not fully portable across firms, and a portion of the performance
is firm-specific. As a result, we expect that within-day task experience in a different in-
dustry is not likely to affect the gig workers’ focal task performance. However, same-day
experience in another delivery platform could indirectly impact workers’ learning and fa-
tigue (Guha, 2023). On similar lines, we also expect that within-day compensation earned
(CSF;;) is also subject to endogeneity as compensation earned from other platforms can
affect the earnings target of the worker, thereby affecting her focal task performance. To
check for possible endogeneity in our regressors, we perform the Durbin-Wu-Hausman
test for endogeneity, which reveals a score of 268.31 (for picking time) and 750.48 (for
delay) with a p-value of less than 0.001, rejecting the null hypothesis that our regressor is

exogenous. Therefore, OSF;; and CSF;; in the level equation are most likely endogenous.
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To account for endogeneity in the choice equation, we employ the control function probit
method, owing to the non-linearity of the model (Wooldridge,|2014). In the level equations,
we employ the instrumental variables (IV) approach (xtivreg in Stata) for the picking time
and delay equations. For the substitution equation, our DV is a count variable. Therefore,

we employ the control function Poisson model (Lin and Wooldridge, [2019).

A valid IV should satisfy both relevance and exclusion criteria (Wooldridge, 2010). To
satisfy the relevance criterion, the IV should be correlated with the endogenous variable,
and to satisfy the exclusion criterion, the IV should be independent of the error term. In
other words, the IV should be correlated with the dependent variable only through the
endogenous variable (Guha, 2023). We introduce the variable OSF _other; s, which rep-
resents the average hours worked by other workers on the same day in the same city
before the focal slot s. This IV satisfies both the relevance and exclusion conditions for
the following reasons. For the relevance condition, OSF _other;; and OSF;, are naturally
correlated because of the underlying mechanism by which workers elect to work. Since
the demand for, and supply of workers in a city on a given date can affect the availability
of all workers, we expect that the average hours of availability of other workers before
the focal slot satisfies the relevance condition. Furthermore, we run the two-stage least
squares (2SLS) regressions for the OSF level equation with this IV (See Online Appendix
Tables A.22, A.23, A.24 for first stage estimates of model 1). We find that the coefficient of
OSF _other; s in the first-stage regression is statistically significant under a 1% significance
level for all three dependent variables, which verifies the relevance condition statistically.
Our instrument satisfies the exclusion restriction as well because the availability of other
workers is unlikely to affect the task performance of the focal worker (Guha, [2023). Any
correlation with the dependent variable(s) would only be through the endogenous vari-
able, OSF; ;. For the interaction equations, we need another instrument for the model to
be identified. Following Wooldridge| (2010), we argue that in the absence of additional

instruments, we need to create additional instruments for the interaction term. We thus
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interact the moderators with our IV, OSF _other; s (€.9., experience*OSF _other; ;) to identify
the interaction terms. We apply a similar logic to devise an instrument for CSF; ; and intro-
duce the variable CSF _other; 5, which represents the average compensation received thus

far by other active workers in the same city-slot of the focal day.

We further compute the Kleibergen-Paap rk LM statistic (6.4*10°) for the under-identification
test with a p-value < 0.001, which rejects the null hypothesis that the equation is under-
identified, that is, the IV is correlated with the endogenous variable. Next, we compute the
Cragg-Donald Wald F-statistic for the weak identification test (5.2*10°), and obtain values
that are larger than the threshold value under a 10% maximal IV size (7.03) provided by
Stock and Yogo| (2005). These tests further support that OSF _otheri,s is not a weak in-
strument. Note that the difference between the two statistics mentioned above is that the
Cragg-Donald Wald F-statistic assumes the error terms to be independent and identically
distributed, and the Kleibergen-Paap rk Wald F-statistic omits this assumption. Specifi-
cally, the latter is relatively more robust. Finally, the Hansen J statistic for overidentification

reveals that our equation(s) are exactly identified.

Lastly, in our robustness check, we consider an alternative IV for OSF; ;. Following Allon
et al.| (2023); Dai et al.| (2022), this alternative IV (OSFoth_lag;,) is based on the notion of
coworkers, where coworkers are defined as other active workers on the same day d, and
slot s of the focal city, who made similar working decisions (i.e., whether to work) as our
focal worker. More specifically, if the focal worker worked on the same day of the previous
week, coworkers would be those who were available to work on that same day of the
previous week. We define OSFoth_lag;; as the average number of orders delivered by
other active workers working on the same day d, before the focal slot (in which worker i is
working) of the previous week. This alternative IV ensures that the relevance criterion is
met because the focal worker i and coworkers have similar (shared) working decisions in
the past (Allon et al. 2023). The exclusion criterion for this alternative IV is also satisfied,

as past decisions to work should not impact the performance of the focal task.
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1.6 Empirical Results

1.6.1 Main Results: The Impact of Same-day Experience on Perfor-

mance

We start our analyses by examining the effects of same-day picking and delivery expe-
rience (i.e., the cumulative number of orders delivered on the same day) on gig worker
performance. In particular, we consider two types of performance outcomes: immedi-
ate operational outcome, i.e., picking productivity, measured using order picking time
(pickingtime;;), and ultimate performance outcome, or service quality, measured in two
different ways - First, the delay time per order (delay;,), and second, the number of substi-
tutions made in an order if there is a stockout, and the customer requested a substitution

(subst_when_reqd; ;).

1.6.2 Effects of Same-day Experience on Picking Time

Table 1.3 presents the estimation results of our main model on the order picking time.
Column (1) presents the results with only the linear term of same-day experience (i.e.,
OSF;;), column (2) presents the results with both linear and quadratic terms (i.e., OSF;;
and OSF2;;). In addition, columns (3) to (6) consider the interaction effects of same-
day experience with prior experience, order batching, task complexity, and discretion in
complex tasks (i.e., experience;;, num_batched;;, ccomplexity;;, cdiscretion;;) respectively.
We find that same-day experience reduces the order picking time (i.e., improves worker’s
picking productivity) across all models, which is consistent with existing results on the
positive same-day learning effects in the literature (Staats and Ginol, 2012). We observe
that the main effect is non-significant in models 1, 5, and 6, which could indicate a possible
curvilinear relation. We test this by including a quadratic term (OSF2) in column (2), and

observe that there is a non-linear (increasing with time) relationship between same-day
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Table 1.3: Two-stage Heckman Selection - Picking Time

(1) (2)

(3) (4)

(5)

(6)

OSF -0.065**  -0.087**  -0.793***  -0.119***  -0.035***  -0.053***
(0.012) (0.019) (0.029) (0.012) (0.012) (0.012)
CSF -0.026**  -0.027**  -0.021**  -0.026™*  -0.019**  -0.026***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
experience -0.644**  -0.644**  -0.895"*  -0.595"*  -0.622**  -0.651***
(0.011) (0.011) (0.014) (0.011) (0.010) (0.010)
storefamiliarity -0.931**  -0.932**  -0.931"*  -0.999***  -0.846***  -0.939***
(0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
IMR 0.644*** 0.617*** 0.948*** 0.666*** 0.489** 0.679***
(0.236) (0.237) (0.236) (0.236) (0.234) (0.233)
OSF2 0.003
(0.002)
OSF _exp 0.115***
(0.004)
OSF _cbatch 0.095***
(0.005)
num_batched 0.569***
(0.016)
OSF _ccomplex -0.059"**
(0.002)
ccomplexity 1.010**
(0.006)
OSF _cdiscretion -0.017**
(0.003)
cdiscretion -1.007**
(0.008)
Observations 1,661,655 1,661,655 1,661,655 1,661,655 1,661,655 1,661,655
Picker fixed effects Yes Yes Yes Yes Yes Yes
Day fixed effect Yes Yes Yes Yes Yes Yes

* p<0.10, ** p < 0.05, ** p < 0.01
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orders delivered and picking time. We further observe the main effect of OSF on picking
time is now negative and significant. We also test the same for models 5 & 6 in the
Online Appendix, Table A.20. Next, in column (3), we find that the interaction term of
same-day experience and prior experience is positive and significant, although the main
effect of OSF and experience on picking time is negative and significant. This could
indicate a complementary relation between the two variables. In column (4), we find that
batch picking increases picking time. Results from the interaction demonstrate that as
within-day experience increases, the higher the number of batched orders, the higher
the picking time per order. We perform a robustness check (Online Appendix, Table A.4,
Col. 4) using a binary (1/0) measure and find similar results. In column (5), we find
that higher complexity increases picking time. We further find the interaction term of
same-day experience and complexity to be negative and significant, which implies that
productivity increases (picking time reduces) when gig workers with higher within-day
experience handle complex tasks. Furthermore, since our task allocation algorithm relies
on the simplicity of the allocations, we classify complexity into 3 levels (high, medium,
low) based on the number of stockout items for which substitutions were requested, and
conduct a robustness check to validate our results and find a similar conclusion. Finally,
in column (6), we find that discretion while performing complex tasks reduces picking
time, thereby increasing productivity. We further find that workers with higher same-day
experience are more productive while handling tasks requiring discretion. Interaction plots

are displayed in Figure A.3

1.6.3 Effects of Same-day Experience on Delay

Next, we discuss the effects of same-day delivery experience on delay time (See Table
1.4). Surprisingly, we find that same-day experience increases order delay across all
models. It could be possible that within-day experience could be detrimental to service

quality, when within-day experience is low (Dai et al., 2022). To examine this effect, we
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test the presence of a non-linear relation in model 2 using the quadratic term OSF2;,. We
also include the quadratic term in the remaining models 3 & 4 in the Appendix, Table A.21.
We observe the presence of a non-linear relationship in column 2, which indicates that

higher within-day experience can reduce order delays.

Table 1.4: Two-stage Heckman Selection - Delay

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

OSF 0.184*** 0.825*** 1.516* 0.202***
(0.016) (0.027) (0.040) (0.017)
CSF 0.044*** 0.048*** 0.033*** 0.044***
(0.002) (0.002) (0.002) (0.002)
experience -0.044**  -0.031**  0.414**  -0.055***
(0.011) (0.011) (0.017) (0.011)
IMR -1.659**  -0.875"*  -2.209***  -1.628***
(0.326) (0.327) (0.326) (0.326)
OSF2 -0.098***
(0.003)
OSF_exp -0.209***
(0.006)
OSF _cbatch -0.052***
(0.007)
num_batched 1.037***
(0.022)
Observations 1,661,655 1,661,655 1,661,655 1,661,655
Picker fixed effects Yes Yes Yes Yes
Day fixed effect Yes Yes Yes Yes

* p<0.10, ** p <0.05, ** p < 0.01

In column (4), contrary to our expectations, we find that batch picking increases delays
as same-day experience increases. This finding, however, is not surprising. Since in our
setting, the picking and delivery is performed by the same worker, unlike (Dai et al.,[2022),
where workers only perform deliveries. In such cases, batching can add to the complexity
of the task, especially if the number of batched orders is high. Furthermore, search time
increases while picking batched orders due to different items, and different order arrival
times, thereby increasing order picking time, which can further contribute to order delays.

We perform a robustness check using a binary measure of order batching in Table A.5 of
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Appendix and find similar results. Interaction plots displayed in Fig. A.4

1.6.4 Effect of Same-day Experience on ltems Substituted when Re-

quested

Table 1.5 shows the effect of the same-day experience on stockout-based substitutions.

Table 1.5: Two-stage Heckman Selection - Substituted when requested

(1)

(2)

(3)

(4)

(5)

(6)

OSF 0.030*** 0.029*** 0.023*** 0.030**  -0.004**  0.024***

(0.001) (0.001) (0.002) (0.001) (0.001) (0.001)
CSF -0.001**  -0.001**  -0.001**  -0.001*** -0.000 -0.001***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
experience 0.104** 0.104** 0.102*** 0.103*** 0.041** 0.077*

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
storefamiliarity -0.154**  -0.154**  -0.154"*  -0.152"*  -0.023**  -0.109**

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
IMR -0.232%*  -0.222**  -0.229"*  -0.233"*  -0.218**  -0.206"**

(0.019) (0.019) (0.019) (0.019) (0.019) (0.019)
IMR2 -1.018**  -1.022**  -1.018™*  -1.015"*  -0.594**  -0.951**

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
OSF*OSF -0.000

(0.000)
OS