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Abstract
Last mile delivery has become a critical competitive dimension facing retail supply chains. At the
same time, the emergence of sharing economy platforms has introduced unique operational
challenges and benefits that enable and inhibit retailers’ last mile delivery goals. This dissertation
investigates key challenges faced by crowdshipping platforms used in last mile delivery related to
crowdsourced delivery drivers, driver-customer interaction, and customer expectations. We
investigate the research questions of this dissertation through a multi-method design approach,
complementing a rich archival dataset comprised of several million orders retrieved from a Fortune
100 retail crowdshipping platform, with scenario-based experiments. Specifically, the first study
analyzes the impact of delivery task remuneration and operational characteristics that impact
drivers’ pre-task, task, and post-task behaviors. We found that monetary incentives are not the sole
factor influencing drivers’ behaviors. Drivers also consider the operational characteristics of the
task when accepting, performing, and evaluating a delivery task. The second study examines a
driver’s learning experience relative to a delivery task and the context where it takes place. Results
show the positive impact of driver familiarity on delivery time performance, and that learning
enhances the positive effect. Finally, the third study focuses on how delivery performance shape
customers’ experience and future engagement with the retailer, examining important contingency
factors in these relationships. Findings support the notion that consumers time-related expectations
on the last mile delivery service influence their perceptions of the delivery performance, and their
repurchase behaviors. Overall, this dissertation provides new insights in this emerging field that

advance theory and practice.
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I. Introduction

Last mile delivery represents the last portion of a retail supply chain that transfers packages from
a distribution center to a receiver (Esper et al., 2003; Deng, Fang, & Lim, 2021). Despite being
one of the most important success factors of the order fulfillment process that shape customer’s
outcomes, last mile delivery still presents a plethora of unresolved challenges that result in an
inefficient and ineffective service (Lee & Whang, 2001; Boyer, Prud’homme, & Chung, 2009;
Ishfaq et al., 2016; Nguyen et al., 2019; Ross, 2021; Wang, Rabinovich, & Guda, 2022). Last mile
delivery is one of the most expensive aspects of delivery logistics (Fatehi & Wagner, 2022).

Last mile delivery can be inefficient primarily because it involves high volumes of
individual small purchase quantities, often with single packing, and unit delivery to end-consumer
(Lim & Winkenbach, 2019; Dolan, 2022). It follows that last mile delivery is often performed
using a dedicated fleet that delivers low-value items on less-than-truckload (Boyer & Hult, 2005;
Ishfaq et al., 2016; Lim & Winkenbach, 2019). These complexities result in an increasing cost
associated to the last mile, which accounts for 53% of the total shipping costs (Punakivi, Yrjola,
& Holmstrém, 2001; Boyer et al., 2009; Jacobs et al., 2019; Dolan, 2022). In many instances, last
mile delivery is also ineffective. On-time deliveries represent a key challenge for retail supply
chains, which struggle to improve supply chain flows and coordinate the key actors performing
the delivery (Awaysheh et al., 2021; Liu, He, & Shen, 2021; Mao et al., 2022).

New sharing economy business models have addressed such challenges by outsourcing
deliveries tasks to the crowd, and managing deliveries through online platform. One of the most
important business models is crowdshipping. Crowdshippng is the practice in which organizations
or persons who needs to transport an item are connecting through a sharing economy service

platform with individuals of the crowd that are willing to perform the delivery (Dayarian &



Savelsbergh, 2020). Thanks to its flexibility and the proximity of fleet capacity, retail supply
chains have been more and more relying on crowdshipping, which has proved useful to handle
single order expedited deliveries (e.g., food or groceries same-day delivery) (Dayarian &
Savelsbergh, 2020; Dayarian & Pazour, 2022). Notable examples include Amazon launching the
Amazon Flex program, Walmart using crowdsourced drivers through Spark and GolLocal, and
many local retailers adopting the services offered by crowdshipping platforms — sharing economy
service companies utilizing cloud-based technologies to match demand and supply (Apte & Davis,
2019; CSCMP, 2022; Fatehi & Wagner, 2022).

Recent trends have exacerbated these criticalities. First, the expansion of e-commerce has
increased the volume of packages to deliver, creating pressure on the system, especially after the
outbreak of the Covid-19 pandemic (Ketchen & Craighead, 2020; CSCMP, 2022; Delasay, Jain,
& Kumar, 2022; Lyu & Teo, 2022). The first challenge relates to the scarcity of delivery drivers
performing deliveries, which further increases the tension in last mile delivery to fulfill orders
while trying to manage increasing volumes and customers' expectations (Straight, 2021). The
second trends relates to driver’s learning. While last mile delivery in a crowdshipping context is
considered a trivial activity, performing high quality deliveries that include on-time performance
and customer satisfaction can present challenges for unprofessional drivers. Finally, the third trend
relates to increasing consumers’ expectations of the delivery service (Hubner, Kuhn, &
Wollenburg, 2016; Daugherty, Bolumole, & Grawe, 2019). It is essential for a retail supply chain
to provide customers with on-time, fast, precise, and free-of-charge deliveries with minimal
fulfillment time that meets their convenience, pushing the delivery service time performance to
achieve both speed and punctuality (Fisher, Gallino, & Xu, 2015; Gawor & Hoberg, 2019;

Mangiaracina et al., 2019). Retailers offer several delivery speed options to win online customer



orders (e.g., same-day delivery) (Ishfaq et al., 2016; Peinkofer, Schwieterman, & Miller, 2020),
increasing the pressure on an already-thin profit margin fulfillment service that is yet
indispensable, especially for large retailers (Dayarian & Savelsbergh, 2020; Kammerer et al.,
2020; Stroh, Erera, & Toriello, 2022).

Several research streams have been investigating these challenges. The literature has
identified key sources of capacity uncertainty stemming from sharing economy business models
in operations management and last mile delivery (Benjaafar & Hu, 2020; Dong & Ibrahim, 2020).
Often, crowdshipping platforms stimulate supply through dynamic surge pricing— the practice of
increasing prices during times of high demand (Cachon, Daniels, & Lobel, 2017), especially when
demand volume exceeds the supply (Castillo et al., 2022a). However, it has not looked at
operational characteristics influencing driver’s behaviors.

In addition, crowdshipping drivers often drop this gig job after few months of practicing it
(Bernstein, DeCroix, & Keskin, 2021). Thus, their learning experience and expertise gains should
not be tangible in this space. Crowdshipping platforms struggle to recruit and nurture drivers (Apte
& Davis, 2019). However, typically delivery drivers assigned to the same route, because
familiarity in the delivery route improve their knowledge of the delivery task, satisfies customers’
needs, and increase drivers’ comfort and retention (Keller, 2002; Ulmer et al., 2021). Thus, through
driver’s learning and familiarity, crowdshipping platforms help improving such outcomes.

Finally, the third body of literature refers to the literature on logistics service quality and
physical distribution service quality, which traditionally constitute a core part of last mile delivery
literature (Nguyen et al., 2019). This body of research identified three key dimensions of service
quality that impact customers’ outcomes, namely operational, economic, and relational (Mentzer,

Flint, & Hult, 2001; Stank et al., 2003). Operational aspects of service quality are crucial for



successful delivery and include on-time and fast deliveries, number of shipping options, product
availability, ability to track orders, and product handling (Rabinovich & Evers, 2003; Rabinovich,
2004; Rabinovich & Bailey, 2004; Rabinovich, Rungtusanatham, & Laseter, 2008; Rao, Griffis,
& Goldshy, 2011; Rao, Rabinovich, & Raju, 2014). The economic dimension refers to the shipping
fees, an aspect that shapes customer’s expectations and impacts customers’ satisfaction relative to
the level of service quality (Lewis, Singh, & Fay, 2006; Glimiis et al., 2013; Ma, 2017; Nguyen et
al., 2019; Barker & Brau, 2020; Tokar, Williams, & Fugate, 2020). Finally, the relational
dimension refers to the interaction occurring in the order fulfillment process between the focal
firm and the customer (Davis-Sramek, Mentzer, & Stank, 2008). While it is deemed important,
this dimension has received little attention in the Business-to-Customer, which research focuses
primarily on the key role of the delivery driver (Ta, Esper, & Rossiter, 2018; Daugherty et al.,
2019; Peinkofer et al., 2020; Puram et al., 2021; Castillo et al., 2022b)

This dissertation investigates the challenges that a crowdsourcing platform faces when
providing the last mile delivery service. This dissertation is comprised of three studies. The first
essay examines how delivery task remuneration and operational characteristics influence driver’s
behaviors pre-, during-, and post-task. Specifically, increasing the deliver task remuneration
reduces supply-side uncertainty, because drivers will be more likely to accept delivery offers for
high volume batches, thus reducing supply uncertainty. However, drivers’ preferences related to a
delivery offer may also depend on the characteristics of the delivery. Hence this essay investigates
how delivery remuneration influences service provider behaviors, and how delivery characteristics
moderates this relationship. Econometric analysis reveal that monetary incentives are not the sole
factor influencing drivers’ behaviors. Tasks with greater delivery density can reduce the

acceptance response time up to 5 minutes, and the service time by an additional 7 minutes. This



results, combined with the fact that monetary incentives play the major role in driver retention,
suggest that supply uncertainty reduces as platforms concentrate their effort in recruiting and
retaining drivers that show a longer commitment to the platform.

The second essay focuses on driver’s familiarity and how learning opportunities improve
delivery outcomes, as well as the contingency factors that influence this relationship. Findings
from econometric analysis show a significant improvement in delivery time performance when
drivers gain familiarity with delivering to a customer and after repeating the same delivery type.
Finally, while urban deliveries present worse delivery time performance, the interplay with
familiarity does not seem to significantly impact the performance. That is, the delivery context
does not affect how familiarity improves delivery time performance.

Finally, the third essay study investigates how delivery performance and contingency
factors affecting customers service expectations, such as delivery window length and expedited
delivery, can impact customer’s outcomes. Results from econometric analyses combined with a
scenario-based experiment show the importance of meeting the delivery window: both earliness
and lateness present a negative effect on customer outcomes. This study also shows the trade-off
generated by delivery window length. A shorter delivery window increases customer expectations
that are more difficult to meet, but improves the service experience. A longer window decreases
expectations, but dissatisfy customers. In addition, to reconcile the result that early deliveries
would improve loyalty but decrease repurchase behaviors, an experiment clarifies the effect of
delivery failures affect the customer-retailer relationship. Overall, this study informs theory and
retailers on the importance of managing delivery window slots and delivery performance, as an

effort to effectively handle consumers time-related expectations on the last mile delivery service.



This research endeavor offers several theoretical contributions relative to the
crowdshipping and last mile delivery literature, and to the theoretical background used in these
studies. Further, this dissertation offers several managerial contributions and offers guidelines on
managing the last mile in crowdshipping.

The crowdshipping context

To address the literature gaps, we partnered with a crowdshipping platform — that we refer to using
the pseudonym Alpha — delivering for a Fortune 100 retailer. In the evolving US last-mile delivery
market, Alpha is one of the most promising emerging white-label players offering next-day and

two-day delivery service from local fulfillment hubs and stores (CSCMP, 2022).

Scope of this dissertation

Figure 1 — The order fulfillment process in crowdshipping delivery (adapted from Walmart.com)

The supply chain in which Alpha operates comprises of four major players: the online
crowdshipping platform (Alpha), the retailers, and the crowd, which includes customers and
delivery drivers. While the order fulfillment process in crowdshipping follows a traditional linear
framework of forward logistics (Rabinovich & Bailey, 2004), the material, information, and

financial flows present some unique characteristics. Figures 1 and 2 present exemplars of the order



fulfillment process in crowdshipping delivery for two prominent retailers. This framework

resembles those found in the crowdshipping literature (Mao et al., 2022).

Figure 2 — The order fulfillment process in crowdshipping delivery (adapted from Target.com)

In the order fulfillment process, defined as a set of interrelated activities from the point of
a customer’s purchase decision to the point a product is delivered to the customer (Croxton, 2003),
as a white label service provider, Alpha manages only the final part of the fulfillment, specifically
the activities of last-mile delivery. Thus, in the first step of the fulfillment process, the customer
places an order to the retailer, who then communicate with Alpha relative to the characteristics of
the order through an integrated information system (IP integration). Alpha dispatches a driver by
broadcasting the delivery task with the remuneration offer to the drivers in the designated delivery
zone where the pick-up point belongs. Finally, the Alpha driver completes the delivery task, while
Alpha collects customers’ feedback on the delivery performance. A customer places an order to
the retailer, paying and informing about the desired delivery. The retailer shared with Alpha, who
dispatches the driver by communicating delivery details and, once the delivery completed, the

remuneration. Alpha optimized the delivery task composition in terms of routing, delivery service,



and timing. Hence, the number and which orders are included in the delivery task follow a specific
optimization algorithm. The driver commutes to the retailer’s facility, collects the orders, and
delivers to the final customers’ destination. The customer voluntarily tips the driver and provides
her/his feedback.

We completed the collection of a large dataset from Alpha. The dataset includes delivery
operational data, including time stamps, orders characteristics, and geolocation data on pickup and
dropoff points, transactional data relative to customers, including customers’ outcomes metrics,
demographic data on the drivers, and dispatching store characteristics. Hence, referring to Figure
1, the scope of this dissertation is from step 3 (we dispatch the driver) to 4 (we capture delivery
experience feedback). These steps represent last-mile delivery operations.

Literature review overview and positioning the essays

The three studies of this dissertation are grounded on an extensive literature review on sharing
economy and last mile delivery. To improve the flow of the three essays, we report each body of
literature within each essay. In this section, we report methodological details on the literature
review and an overview of the results.

Literature review material collection

We retrieved the material for the literature review by searching for relevant keywords in the main

journal of interest. Specifically, given the focus of this work is sharing economy and last mile

29 ¢¢ 99 ¢¢ 9% ¢

delivery, we searched for the keywords “sharing economy” “crowdshipping” “ridesharing

gig
economy” “last mile delivery”. We selected a detailed journal list to ensure comprehensiveness in
both the theoretical, notional, and methodological background. First, we focused on scientific

journals discussing logistics, supply chain management, and operations management issues. We

included Journal of Supply Chain Management, Journal of Business Logistics, International



Journal of Logistics Management, Supply Chain Management: An International Journal,
International Journal of Physical Distribution and Logistics Management, Management Science,
Manufacturing and Service Operations, Decision Sciences, Transportation Journal. However,
upon reviewing the journal articles, we realized the need to extend the research to management
journals for a in-depth theoretical background on sharing economy, and to information systems
journals to gain a clearer understanding of the technology behind sharing economy. Thus, we
expanded the research to Academy of Management Review, Academy of Management Journal,
Academy of Management Annals, Academy of Management Discoveries, Strategic Management
Journal, Administrative Science Quarterly, Journal of Management, California Management
Review, MIS Quarterly, and MIS Quarterly Executive. We retrieved a total of 179 journal articles.
Literature overview and positioning of the three essays

The literature review reveals several body of research in the space of last mile delivery and sharing
economy. In this section, we direct the reader relative to the positioning of each essay within a
specific body of literature (see Figure 3). Each essay will contain a relevant literature review based
on the respective research questions. Crowshipping presents characteristics of capacity and
flexibility to address such last mile delivery challenges. However, crowdshipping suffers from
delivery drivers’ supply-side uncertainty, which does not allow retailer supply chains to keep up
with increasing volumes as it reduces capacity, meet customers’ expectations, and offer an
economically feasible solution. Attracting and retaining drivers seems a key element for the
consistent usage of crowdshipping in last mile delivery. A way to attract drivers is to provide them
with a regular stream of income (Cameron, 2022). This can be achieved through increasing
delivery volumes, because drivers can find the task engaging and remunerative for an unqualified

job. However, operational characteristics of the delivery task may affect driver’s behaviors.



Drivers may not think that the delivery is profitable because as volume increases, number of drop-
off points increase, unless the delivery is focused on a limited geographical area. Drop-off density
represents one of the key elements to decrease drivers’ supply-side uncertainty (Qi et al., 2018).
Other delivery characteristics may also influence driver’s supply-side uncertainty. Hence, the first
essay is located at the intersection between last mile delivery operational challenges and
crowdsourced delivery.

Second, the literature reveals several operational challenges in last mile delivery, which
can be addressed by crowdshipping. On the one hand, the operational challenges related to meeting
the increasing delivery demand, expanding the offer of delivery options, and achieving
profitability, have been addressed through optimization models and last mile delivery innovations
integration. An alternative solution could be to focus on managing volumes and drop-off density
to implement economies of scale in last mile delivery, as prescribed by (Qi et al., 2018). Finally,
research suggests that in crowdshipping, driver’s familiarity with the route can increase the
delivery performance and the customer outcome. Hence, the second essay is located at the
intersection between crowdsourced delivery and customers’ challenges.

Finally, consumers’ expectations of a greater level of service requires additional capacity
that often is not available to provide an on-demand, cheap, and precise service. The literature
studied how the perceived service quality helps to understand customers. However, the literature
overlooks at understanding customers’ outcomes relative to such high expectations on last mile
delivery. Indeed, A relative unexplored area relates to how consumers have changed their delivery
preferences and how these preferences impact customers outcomes. Customers want faster, on-
time, precise, and punctual deliveries. For example, is the customer more tolerant when an on-

demand 2-hour delivery is requested? This is particularly important when trying to provide a

10



punctual and precise delivery, meeting the delivering window, while addressing the customers’
requirements. Hence, the third essay is located between last mile delivery operational challenges
and customers’ outcomes.

Figure 3 — Literature review and positioning of the essays

Operational
challenges

il Essay 3 Essay 2 Crowdshipping s

delivery economy

Customer
challenges
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1. Essay 1: Driver behaviors in crowdshipping: An Income Opportunity Effect
perspective

Introduction

A global research study reveals that almost 90% of retailers expect to use crowdshipping to deliver
single orders by 2028 (Zebra Technologies, 2018). Crowdshippng is the practice in which
organizations or persons who needs to transport an item are connecting through a sharing economy
service platform with individuals of the crowd that are willing to perform the delivery (Dayarian
& Savelsbergh, 2020). Thanks to its flexibility and the proximity of fleet capacity, retail supply
chains have been more and more relying on crowdshipping, which has proved useful to handle
single order expedited deliveries (e.g., food or groceries same-day delivery) (Dayarian &
Savelsbergh, 2020; Dayarian & Pazour, 2022). Notable examples include Amazon launching the
Amazon Flex program, Walmart using crowdsourced drivers through Spark and GoLocal, and
many local retailers adopting the services offered by crowdshipping platforms — sharing economy
service companies utilizing cloud-based technologies to match demand and supply (Apte & Davis,
2019; CSCMP, 2022; Fatehi & Wagner, 2022).

Despite its success, crowdshipping presents several challenges that increase uncertainty in
last mile delivery operations (Benjaafar & Hu, 2020). A major challenge relates to understanding
service providers behaviors pre-task, task, and post-task delivery (Cachon, Daniels, & Lobel, 2017,
Ta, Esper, & Tokar, 2021; Dayarian & Pazour, 2022). In crowdshipping, online platforms seek to
match an on-demand delivery task with service providers (Fatehi & Wagner, 2022). A delivery
task corresponds to the offer that a platform broadcasts to the poo of crowdsourced drivers in an
assigned delivery zone. In crowdshipping, the delivery task comprises a batch of single or more

orders that the crowdsourced drivers, upon acceptance, will deliver on a specific route (Arslan et
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al., 2019; Dayarian & Savelsbergh, 2020; Castillo et al., 2022b). Crowdsourced delivery service
providers (hereafter referred to as “drivers”) are independent contractors who deliver utilizing their
own vehicle and independently determine their working schedule (Carbone, Rouquet, & Roussat,
2017). Pre-task behaviors refer to the driver accepting a delivery task. In crowdshipping, service
supply is heterogenous in space, time, and capacity, as drivers decide where and when to work, as
well as the type and quality of work (Benjaafar & Hu, 2020). This implies that crowdshipping
platforms often deal with supply-side uncertainty, because it is not possible to exactly predict the
number of drivers that will be available in a specific location to deliver an on-demand order (Dong
& lIbrahim, 2020). During-task behaviors refers to the service commitment of the driver toward
the performance of the delivery task (Dayarian & Pazour, 2022). Finally, post-task behaviors refer
to driver feedback and retention (Ta et al., 2021).

Prior literature investigated driver behaviors by primarely focusing on supply-side
uncertainty in the crowdshipping. A stream of literature studied how retail supply chains create
hybrid systems to compensate the uncertainty of crowdshipping service supply with a private fleet
(Castillo et al., 2018). This literature focused on compensation schemes for private fleet vs
crowdsourced drivers to optimally design the delivery system (Dai & Liu, 2020; Castillo et al.,
2022a). However, such hybrid fleet composition is optimal only under the circumstances that the
size and mix between delivery fleets does not affect the cost-service trade-off (Castillo et al.,
2022a). In other words, the hybrid fleet offers an advantage when the retailer is capable of
matching fast shipping orders with crowdshipping fleet, and standard shipping orders with private
fleet. Hence, supply-side uncertainty in crowdshipping can still result detrimental when is not
balanced by the private fleet. Another stream of literature examined the effect of incentives to

increase the attractiveness of the delivery task and reduce supply-side uncertainty (Hua et al.,
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2020). In this space, research has primarely looked at the role of monetary incentives (e.g., surge
pricing) and non-monetary incentives (e.g., work engagement) (Cachon et al., 2017; Qi et al., 2018;
Guda & Subramaniana, 2019; Hua et al., 2020; Bernstein, DeCroix, & Keskin, 2021).

However, such solutions are often economically inefficient. For example, Cachon et al.,
2017 found that surge pricing is not an optimal solution in terms of platform’s profit, and it has
raised concerns on the welfare of providers. Indeed, surge pricing tends to increase delivery costs,
and makes drivers to compete for such opportunity (Castillo et al., 2022b). Finally, a third stream
of literature investigated the key traits of crowdshipping driver behaviors during and post-task.
Specifically, Cameron (2022) adopted an exploratory approach to find that crowshipping drivers
engage in different behaviors during the service delivery based on their preferences toward being
efficient or effective. Castillo et al. (2022b) also explored drivers’ attitude toward the service
delivery based on the customer’s tip. Petriglieri, Ashford, & Wrzesniewski (2019) investigated gig
workers commitment toward to the job, finding that lack of organizational identity pushes gig
workers to personalize their work identity. Finally, Choudhary et al. (2021) investigated how to
motivate drivers to improve their driving performance, and Ta et al. (2021) focused on how
framing messages to appeal to drivers enhance participation, performance, as well as post-task
satisfaction.

An alternative approach is to examine how delivery task operational characteristics
influence drivers’ pre-task, task, and post-task behaviors. Operational characteristics of the
delivery task comprise of delivery density, location, attended, and expedited delivery (Castillo et
al., 2022b). These are important aspects of the delivery task that drivers often consider besides the
overall compensation (Castillo et al., 2022b). Usually, upon seeing the announcement, a crowd

driver can choose to sign up for it or not, depending on the compensation as well as the opportunity
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cost (Fatehi & Wagner, 2022). In this study, we investigate how operational characteristics
moderates the relationship between monetary incentives and drivers’ behaviors. Specifically,
drivers pre-task behaviors refer to the likelihood a driver is to accept the delivery task (Benson,
Sojourner, & Umyarov, 2020; Ta et al., 2021). Task behaviors include driver Service time and
performance (Liu, He, & Shen, 2021; Castillo et al., 2022b; Fatehi & Wagner, 2022). Finally, post-
task behaviors include driver feedback and retention (Liu et al., 2021; Ta et al., 2021). Hence, the
overarching research question of this study is RQ: how do operational characteristics of the
delivery task moderate the relationship between compensation and driver behaviors?

We inform these research questions adopting logic from the emerging empirical literature
exploring workers behavior and productivity in service operations, more specifically on the
Income Opportunity Effect (IOE) logic developed by (Kamalahmadi, Yu, & Zhou, 2021). This
logic explains that in context of just-in-time scheduling, servers positively see work scheduling
characteristics as an opportunity to increase their income (Akerlof, 1982). In addition, as an act of
reciprocation and goodwill, the servers may exert additional work efforts, especially if it could
lead to more opportunities in the future (Spector & Fox, 2002; Avgoustaki & Bessa, 2019). IOE is
grounded on Social Exchange Theory (SET) (Thibaut & Kelly, 1959; Lambe, Wittmann, &
Spekman, 2001), which predicts that individuals’ social behaviors are understood in terms of
exchange of resources, because the need to engage in social interactions is driven by the scarcity
of resources (Das & Teng, 2002). In this study, we support the logic of IOE with SET. Based on
this theoretical background, we develop hypotheses on the effect of delivery task remuneration on
driver behaviors in pre-task, task, and post-task. In addition, we hypothesize the moderation effects

of delivery task operational characteristics. This study extends IOE and SET by understanding the
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impact of task characteristics on explaining behaviors. In addition, while I0E takes the perspective
of the employer, we adopt this logic from the perspective of the server.

We empirically investigate these hypotheses by compiling publicly available and
proprietary data retrieved from an online retailer using crowdshipping deliveries. The initial
dataset includes approximately 6 million delivery tasks with detailed information on driver
behaviors and delivery task characteristics over a three-month period. We performed IV/2SLS
analysis to decrease the threat of endogeneity biasing the estimations. Overall, we found support
for the notion that it is the combination of monetary incentives and operational characteristics of
the delivery task (and not just monetary incentives) to affect drivers pre-task, task, and post-task
behaviors. This important result contributes to theory and practice. First, we provide empirical
evidence for extending SET with IOE in the just-in-time scheduling of crowdshipping, by
identifying how task characteristics also influences servers’ performance. Second, we also extend
SET by unveiling the role of different exchanging partners when drivers accept, perform, and
evaluate the exchange. Finally, we extend SET by finding that monetary incentives drive the long-
term relationship but not necessarily improve the driver return time. We also offer several
managerial contribution relative to mitigating service capacity uncertainty and improving delivery
driver performance.

Literature review: Sharing economy challenges in last mile delivery

Recently, the literature has focused on investigating sharing economy business models in last mile
delivery (Mufioz & Cohen, 2018). These business models presents characteristics that can
potentially disrupt traditional business practices and address last mile delivery challenges (Lim,
Jin, & Srai, 2018; Apte & Davis, 2019; Dhanorkara, 2019; Esper et al., 2020; Na, Kweon, & Park,

2021). The sharing economy is a technologically enabled socioeconomic system that grants peers
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on-demand and temporary access to underutilized physical and human assets through an online
platform (Kathan, Matzler, & Veider, 2016; Eckhardt et al., 2019; Gerwe & Silva, 2020). Sharing
economy business models include sharing economy organizations, which are at the intersection of
platform organizations and social movements (Gumusay, 2018).

Sharing economy presents five key characteristics (Eckhardt et al., 2019; Gerwe & Silva,
2020). First, the sharing economy builds on the temporary access to underutilized resources, such
as know-how, homes, and labor capacity (Kornberger et al., 2018; Mufioz & Cohen, 2018; Islam
etal., 2020; Cui & Davis, 2022). Second, in the sharing economy, there is the transfer of economic
value between the peers based on the exchange of critical resources, such as money for goods and
services (Filippas, Horton, & Zeckhauser, 2020; Gerwe & Silva, 2020). Third, this exchange is
mediated by multisided technology-based online platforms that leverages internet to match and
coordinate many small suppliers or service providers to many small buyers (Benjaafar & Hu, 2020;
Kobis, Soraperra, & Shalvi, 2021). Hence, data and information transaction are key factors of
production in the sharing economy (Davis, 2016; Chen & Wang, 2019; Wang & Wu, 2020).
Fourth, consumers cover a major role in sharing economy as they are both providers and users of
underutilized resources, becoming prosumers of fully utilized capacity (Eckhardt et al., 2019).
Finally, many sharing economy business models (e.g., crowdsourcing) build on a crowdsourced
supply, in which the crowd replaces the corporation and provide peers the access to the resources
(Kornberger et al., 2018; Lehdonvirta et al., 2019).

Sharing economy business models have also been applied to operations and supply chain
management research (Browning, 2020; Hopp & Simchi-Levi, 2021; Hu, 2021), for example to
unveil the key challenges of ride-sharing (Hasija, Shen, & Teo, 2020; Mak, 2022), and the impact

of crowdsourcing on last mile delivery operations (Carbone et al., 2017; Qi et al., 2018; Fatehi &

22



Wagner, 2022). Crowdsourcing refers to the sharing economy business model in which logistics
tasks once handled and performed by a firm are now assigned to the crowd of individual (Carbone
et al., 2017). Crowdsourcing applied to last mile delivery results in crowdshipping (Ciobotaru &
Chankov, 2021), which is defined as the practice in which organizations or persons who need to
transport a certain items are connecting with individuals of the crowd that are willing perform the
deliver (Dayarian & Savelsbergh, 2020). Notable examples of crowdshipping refer to Deliv,
Instacart, Amazon Flex, and Walmart GoLocal, which are platforms managing last mile delivery
services for retail supply chains (Ta, Esper, & Rossiter, 2018; Garland, 2022). Crowdshipping
presents many opportunities to improve last mile delivery. It allows on-demand flexible
transportation capacity by leveraging the crowd, for example retail store customers (Devari,
Nikolaev, & He, 2017; Dayarian & Savelsbergh, 2020; Howe & Jin, 2022; Richey & Davis-
Sramek, 2022). In addition, crowdshipping does not require retailers to invest in fleet assets,
because the delivery is performed from an independent contractor who utilizes the personal vehicle
(Castillo et al., 2018, 2022a). Crowdshipping also bring the advantage of proximity of fleet
capacity because crowdsourced drivers are commonly assigned to a specific geographical area in
which they perform deliveries (delivery zone) (Douglas, 2020; Wang & Wu, 2020). This delivery
mode presents also characteristics of adaptability to the delivery characteristics and in some
instances is a cheaper solution than utilizing a private fleet (Castillo et al., 2018; Tokar & Swink,
2019).

However, the literature has identified a key challenge of crowdshipping related to service
provider supply scarcity (Benjaafar & Hu, 2020). In the sharing economy, the supply of service
providers is characterized by random capacity, because the total number of available servers in a

period of time and in a specific location is random (Dong & Ibrahim, 2020). The platform cannot
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exactly predict the number of drivers that will be available to deliver an on-demand order, because
delivery drivers independently choose their availability (Carbone et al., 2017). In addition, supply
uncertainty and risk increase due competition with other crowdshipping platforms that lowers
service providers retention and anti-competitive practices of service providers (Benjaafar & Hu,
2020; Cameron, 2022; Tripathy, Bai, & Heese, 2022). Uncertainty of the pool of service providers
is especially important because crowdshipping is often employed for on-demand deliveries that
require a fast-shipping option (e.g., 2 hours delivery) (Fatehi & Wagner, 2022). Hence, lacking
service providers (hereafter crowdsourced drivers or drivers) ultimately results in an economically
inefficient and operationally ineffective delivery. Economically inefficiencies originate from an
increase in the delivery cost: to fulfill the order, crowshipping platforms typically improve the
attractiveness of the delivery task by increasing the compensation. This reflect the use of surge
pricing — the practice of increasing prices during times of high demand to decrease congestion
(Cachonetal., 2017; Bernstein et al., 2021). Alternatively, platforms can reduce supply uncertainty
by investing resources on the drivers, offering monetary rewards and non-monetary intrinsic
motivators (Hua et al., 2020). Crowshipping is often ineffective because supply uncertainty does
not guarantee quality in the service provision, resulting in lower on-time delivery rates as
compared to a dedicated fleet (Castillo et al., 2018). In crowdshipping, random supply capacity
can increase the service queue, which in turn negatively affect waiting-time-sensitive customers
outcomes (Ibrahim, 2018; Taylor, 2018).

Therefore, crowdshipping offers a flexible yet challenging resource to use in last mile
delivery. Extant research provides some solutions to this challenge. A stream of literature studies
the key characteristics and motivations of crowdsourced drivers to shape the usage of delivery

drivers. Anderson (2014) and Rosenblat (2016) sorts drivers into three categories, namely
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incidental drivers that drive occasionally and are motivated by sharing the vehicle when
commuting, part-time drivers that organize their schedule to allocate a consistent number of
working hours for the service provider and are motivated by working flexibility, and full-time
drivers that deliver full-time and are motivated by income opportunities for underqualified jobs.
Cameron (2022) adopts an exploratory approach to find that drivers play either a relational game,
in which they engage in positive service encounters in the pursuit of high customer ratings and
tips, and the efficiency game, in which drivers aim at minimizing any extra behavior in the pursuit
of increasing efficiency and delivery volumes. In last mile delivery, this can be an important
discriminant between assigning drivers to attended vs unattended deliveries. Finally, Petriglieri et
al. (2019) investigate how the lack of organizational identity pushes gig workers to personalize
their work identity. Another stream of literature addresses supplier uncertainty by investigating
hybrid fleets composition — combining privately owned delivery vehicles with crowdsourced
assets (Castillo et al., 2018). This literature focuses primarily on compensation schemes for private
fleet drivers vs full-time vs part-time crowdsourced drivers (Dai & Liu, 2020), and the optimal
hybrid fleet design systems to address the cost-service trade-offs by focusing on how delivery costs
and order arrival rate intensity relate to compensation mechanisms (Castillo et al., 2022a). Finally,
(Castillo et al., 2022b) investigate how customer tipping improves delivery driver last mile
delivery performance, finding that this monetary reward can decrease supplier uncertainty. In
summary, the literature focuses on attracting and retaining drivers by using almost exclusively
compensation mechanisms. However, crowdsourced drivers can maximize their utility also by
delivering large volumes (i.e., many orders per batch) as suggested by (Cameron, 2022). Indeed,
while delivery drivers may find surge pricing as profitable, they may dislike inconsistency in the

offerings (few spotted deliveries for big money vs. a consistent stream of deliveries for low
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money). Hence the third research gap refers to identifying the role of delivery volumes in
decreasing service providers’ supply uncertainty.

Social Exchange Theory and Income Opportunity Effect

Social Exchange Theory

Social exchange theory (SET) is among the most prominent conceptual paradigms for
investigating the interactions among individuals and among organizations (Cropanzano &
Mitchell, 2005). This theoretical approach was initially developed in purely economic settings to
study the interpersonal exchanges, but later its use has been expanded to organizations behavior
and business to business marketing relationship (Homans, 1958; Lambe et al., 2001; Das & Teng,
2002). Recently SET has been applied to study the dynamics of buyer-supplier relationships in the
supply chain and strategy literature. Studies have addressed the relevance of mutual commitment
in the buyer-supplier relationship as a signal of the interest to further develop the relationship
(Holm, Eriksson, & Johanson, 1999), the role of power and dependence in the dyadic relationship
(Narasimhan et al., 2009), and the reduction of opportunism in the relationship when relational
mechanisms are used (Liu, Luo, & Liu, 2009). Finally, studies have further implemented SET as
to understand a potential mitigation effect on competition and the partner’s performance (Griffith,
Harvey, & Lusch, 2006; Terpend & Krause, 2015).

SET asserts that individuals’ social behaviors are understood in terms of exchange of
resources, because the need to engage in social interactions is driven by the scarcity of resources
(Das & Teng, 2002). Following this premise, the exchange is at the core of the interactions between
organizations and persons, as they are seeking for rewards or avoiding punishments: a social
exchange can be defined as the voluntary action of people motivated by the returns they expect to

receive from the interaction (Homans, 1958; Das & Teng, 2002; Griffith et al., 2006). The
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exchange is perceive and evaluated on the proportionality between the value that one’s behavior
provide to the counterpart, and the behavior the counterpart gives back (Homans, 1958). To this
extent, the exchange is a reciprocal process that follows the reciprocity rule: one’s actions are
contingent on the other’s behavior (Cropanzano & Mitchell, 2005). Thus, SET interprets
organizations or individuals’ behaviors as the reward minus the cost of the interaction resulting
from the social exchange of resources (Narasimhan et al., 2009).

SET designs the system of social exchange in terms of a series of propositions (Griffith et
al., 2006; Narasimhan et al., 2009). First, the success proposition states that members of a
relationship will be likely to perform the exchange if the action is rewarded. Second, the reward
and value propositions propose that the more valuable the result of the exchange is for an
individual, the more likely the member will perform the exchange action again. However, in case
the member’s action does not receive the expected reward or a punishment, then according to the
aggressive proposition the member will avoid the interaction in the future. Fourth, the relationality
proposition states that individuals choose the action that maximize the reward considering the
probability of receiving a greater reward. Consistently, people are seen as rational and will likely
to determine the best possible means to engage in the relationship and maximize the returns
(Narasimhan et al., 2009).

Based on these propositions, SET posits that the exchange interactions result in both
economic and social outcomes (Thibaut & Kelley, 1959; Lambe et al., 2001). The economic
outcomes are strictly related to short-term tangible economic rewards, addressing the parties’
financial needs (Cropanzano & Mitchell, 2005). When economic outcomes are used in a social
exchange, the parties will focus on the performance to obtain the economic reward, overlooking

the long-term relationship (Lambe et al., 2001). Conversely, social outcomes refer to the level of
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commitment of the parties and the establishment of a long-term relationship based on trust (Lambe
et al., 2001). The parties will develop a long-term orientation in the relationship fulfilling social
and esteem needs, and eventually they will consider the long-term benefits of the relationship more
valuable than the short-term benefits. In this sense, commitment will function as a signal to the
counterpart for the interest in developing the relationship, whereas the trust build on commitment
and positive returns will be likely to enhance the long-term relational exchange (Lambe et al.,
2001; Cropanzano & Mitchell, 2005).

Finally, parties involved in a social exchange compare the economic and social returns with
those offered by alternative parties (Thibaut & Kelley, 1959). Indeed, the parties enter a
relationship when the expected returns justify the resource allocated. However, if an alternative
party can provide a greater benefit, then the parties involved in the relationship will likely to switch
to a different relationship (Lambe et al., 2001). In addition, parties may engage in relational
exchanges with different goals and expectations: an organization may be more focused on profit
maximization, as compared to another focusing on the relationship development (Lambe et al.,
2001). Therefore, the based on the expectations of the parties and the gained returns, parties will
either join another relationship or further develop the current one.
Income Opportunity Effect
The IOE refers to the logic grounded on SET that predicts a positive or negative effect of just-in-
time scheduling on workers’ availability, outcomes, and performance (Kamalahmadi et al., 2021).
Based on this logic, a just-in-time scheduling can have a negative effect on worker’s performance
because workers suffer schedule unpredictability, which leads to a sense of inequity and injustice
(Spector & Fox, 2002). However, we contend that the negative effect does not apply to the context

of this study, because crowdshipping drivers operate on-demand. Hence, the nature of the task
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itself is unpredictable. In contrast, a positive effect occurs when workers perceive the just-in-time
scheduling as an income opportunity to work more hours and earn more (Akerlof, 1982). Hence,
they are motivated to work and provide a better performance, eventually engaging in act of
reciprocation toward the employer, and exerting extra efforts during the service delivery.
Hypotheses development

To formulate the hypotheses of this study, we integrate SET with logic of IOE and literature on
crowdsourced drivers. The outcome of interest is driver behaviors, defined at three levels of detail.
Driver behaviors pre-task include driver’s availability and participation (Ta et al., 2021; Dayarian
& Pazour, 2022). Driver task behaviors include driver Service time and the overall performance
of the driver (Liu et al., 2021; Castillo et al., 2022b). Finally, driver behaviors post-task include
driver satisfaction and retention (Ta et al., 2021; Castillo et al., 2022a). Figure 1 provides an

overview of the theoretical model.
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The impact of task remuneration on driver pre-task behaviors

In crowdshipping, task remuneration include two components: compensation and tips (Castillo et
al., 2022b). Compensation refers to the fare the platform pays to the driver, whereas tips are
consumers’ voluntary payments of money to the service provider (Alexander, Boone, & Lynn,
2021).

On-demand platforms broadcast a delivery task associated with the remuneration. As an
act of exchange, they voluntary commit to the task and complete the delivery motivated by the
return expected form the interaction (Das & Teng, 2002). Hence, according to the first step of SET,
the reward (i.e., remuneration) will drive the service provider’s pre-task behavior to accept the
delivery task. Higher is the reward, more attractive will be the delivery task. An extensive body of
literature has investigated how monetary rewards drive crowdshipping drivers acceptance rate
(Cachon et al., 2017; Qi et al., 2018; Hu, 2021; Castillo et al., 2022b). As a consequence, the time
taken for a delivery task to be accepted once broadcasted in the system decreases as the total
remuneration for the task increases. Thus, we expect that:

Hypothesis H1: Delivery task remuneration is positively associated with driver pre-task behaviors
on acceptance response time. A higher remuneration will decrease the time elapsed between the
delivery task is broadcasted and accepted.

The impact of task remuneration on Driver task behaviors

Upon accepting the delivery task, the driver commute to the pick-up point (i.e., the store) to collect
all the parcel units to be delivered. In crowdshipping, the Service time typically denotes the amount
of time it takes to a driver to deliver the order, including the travelling time and the on-site Service

time (the time for parking, finding the apartment, and deliver the package) (Liu et al., 2021; Fatehi
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& Wagner, 2022). Service time also bears an important consequence relative to the driver delivery
performance (i.e., on-time delivery) (Castillo et al., 2022b).

Following SET, a higher reward resulting from the exchange will motivate parties to
commit to the relationship and meet the expectations of the counterpart (Cropanzano & Mitchell,
2005). IOE adds that servers often work harder to increase the ratio of remuneration per hour
(Kamalahmadi et al., 2021). Hence, crowdshipping drivers will likely decrease their Service time
and increase delivery performance upon receiving a higher compensation because servers
reciprocate the employer by committing extra effort to provide superior customer service (Flynn,
2005). This prediction is also rooted in the human resource literature: remuneration is perceived
as the recognition of the service delivery performance, and servers who earn more typically exert
an effort to improve performance (Jerkings Jr. et al., 1998; Mitchell & Mickel, 1999; Liao et al.,
2009; Cerasoli, Nicklin, & Ford, 2014). Thus, drivers receiving a higher compensation will
improve their performance through behaviors that reduce the Service time and improve
performance, such as following the planned delivery sequences from the routing tools (Liu et al.,
2021), and reducing their errors during the delivery task (Awaysheh et al., 2021). Hence, a higher
delivery task remuneration will positively impact Driver task behaviors by reducing the Service
time. Hence, we expect that:

Hypothesis H2: Delivery task remuneration is positively associated with Driver task behaviors on
Service time. A higher remuneration will decrease the Service time.

The impact of task remuneration on driver post-task behaviors

Driver retention is indeed a central element in crowdshipping. Retention is defined as the driver
future intentions and availability to perform a delivery task (Cantor, Macdonald, & Crum, 2011;

Dayarian & Pazour, 2022). SET predicts that satisfaction among the parties results in a long-term
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relationship of commitment and trust, characterized by relational norms, defined as the expectation
that the counterpart will engage in behaviors based on mutually agreed upon rules (Lambe et al.,
2001; Cropanzano & Mitchell, 2005). IOE elaborates this prediction in the service industry, by
suggesting that workers seeing a positive effect on just-in-time scheduling will commit to provide
service performance in the future because it leads to more income opportunities (Kamalahmadi et
al., 2021). In the crowdshipping context, driver retention has a crucial operational aspect because
it reduces supply-side uncertainty. Therefore, a higher remuneration of the delivery task increases
driver post-task behaviors retention.

Hypothesis H3: Delivery task remuneration is positively associated with driver post-task
behaviors on satisfaction and retention. A higher remuneration will increase satisfaction and
retention.

The moderating role of delivery task operational characteristics

Delivery task operational characteristics include route drop-offs density and delivery type. We
chose these two operational aspects of the delivery task because of their meaningful value for
driver behaviors pre-task, task, and post-task.

In last mile delivery, density is defined as the number of miles a driver must travel to deliver
each order in the route (Wang, Rabinovich, & Guda, 2022). Density has been used in prior
literature as a key factor influencing delivery efficiency (Boyer, Prud’homme, & Chung, 2009;
Castillo et al., 2022b), and a core element to achieve a competitive advantage (Zhang et al., 2018;
Wang et al., 2022). Prior literature founds that density in drop-off locations affect the Service time
and delivery operations (Liu et al., 2021), because it enhances the economies of scale that could
be obtained by delivery operations focused on a specific areas (Boyer et al., 2009; Wang et al.,

2022). In other words, at higher levels of density, delivery operations will be concentrated in a
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specific geographical areas (i.e., shorter route to perform), and greater effectiveness in deliveries
is achieved, whereas lower levels of density will result in more geographically dispersed drop-off
points that will decrease the economies of scale effect on delivery performance.

Crowdshipping drivers want to maximize the remuneration per hour (Cameron, 2022). This
translates into the number of drop-offs that can be completed in a specific amount of time. Hence,
delivery tasks that concentrate the drop-offs in a specific area will be more attractive to delivery
drivers, who will see the opportunity to complete the task with greater efficiency in the delivery
costs (e.g., gas), and greater chances to provide an on-time performance. In addition, drop-off
density will reduce the driver Service time and on-time performance. For example, drivers can
find density convenient to reduce the on-site Service time (e.g., same parking lot, same apartment
building). Finally, using notions from SET and IOE, density increases the reward associated with
the delivery, increasing satisfaction, and motivates drivers to engage in future delivery tasks,
increasing retention. Therefore, drop-offs density enhances the relationships between
remuneration and driver behaviors. We expect that:

Hypothesis H4a,b,c: Drop-offs density moderates the relationship between delivery task
remuneration and driver behaviors, that is higher drop-offs density enhances the positive
relationships between remuneration and a) driver pre-task, b) task, c) post-task behaviors.

The second moderator refers to the type of delivery task. I0E discusses a difference
between short-notice and real-time notice (Kamalahmadi et al., 2021). The discriminant is the
amount of time a server is noticed about the task. While both are typical in crowshipping, a key
difference is that with short-notice, a driver has time to plan ahead the delivery provision, whereas
with real-time notice, the driver is requested to accept and complete the delivery task in a shorter

amount of time, providing little opportunity to adjust their other plans. In the context of this study,
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drivers can accept delivery task including expedited or standard deliveries. A real-time notice is
associated with expedited deliveries, which are typically requested by customers for urgent
deliveries. Standard and regular deliveries, in contrast, correspond to short-notice, because drivers
are given the opportunity to plan ahead for the delivery task.

We argue that expedited deliveries are less preferrable to drivers. First, despite the income
opportunity, drivers need to adjust their plans after accepting a last-minute delivery task, reducing
the flexibility related to crowdshipping, a core motivational factor for drivers (Anderson, Allen, &
Browne, 2005; Rosenblat, 2016; Benjaafar & Hu, 2020). Second, drivers also account for the
feasibility of the delivery task. In these instances, the driver accepting an expedited delivery task
is bounded to completing the task in a short time frame, which can lead to a delay and lowering
the performance of the delivery driver. Indeed, crowshipping platforms often measure driver
performance based on the on-time arrivals (see for example Walmart spark driver evaluation
(Walmart.com, 2023)). An expedited delivery indicates a lower amount of time to complete the
task, thus a greater likelihood of a late delivery. Relatedly, the driver task behaviors on delivery
performance reduces, along with the Service time. As a result, driver post-task behaviors are also
affected by the delivery type. For an expedited delivery, the driver had to work harder, decreasing
the satisfaction and retention. We expect that:

Hypothesis H5a,b,c: Delivery type moderates the relationship between delivery task remuneration
and driver behaviors such that, expedited delivery mitigates the positive relationships between
remuneration and driver a) pre-, b) post-task behaviors, and delivery performance, while (c)

expedited delivery enhances the positive relationships between remuneration and Service time.
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Empirical Setting and Data

Data description

We empirically investigated these hypotheses by compiling a dataset from multiple sources. First,
we retrieved delivery operational data and driver outcomes data from a Fortune 100 retailer
(hereafter called Alpha). The retailer has launched its white-label crowdshipping platform, which
performs home deliveries from the retailer’s stores using crowdsourced drivers. Upon being pinged
from the retailer for home deliveries, the crowdshipping platform broadcasts the offer for the
delivery task through the Driver App, where the offer is visible to a set of drivers assigned to a
driver zone!. The offer includes details related to the compensation, the pre-tipping, the delivery
type, the number of orders included in the delivery task, the total of miles that a driver would drive
to perform the task (i.e., from the store to the final drop-off), as well as the store and customers’
address. Upon accepting the task, the Driver App provides GPS navigation instructions to arrive
at the pick-up point and drop-off the orders at the customer’s destination.

Alpha shared a raw dataset covering three months (February to April 2022), and containing
approximately ~4 million completed (i.e., delivered to final customer) delivery tasks associated
with approximately ~7 million customers’ orders. The dataset includes detailed information about
the delivery tasks and the drivers, and reports several date and time stamps reporting the hour,
minute, and second related to the flow of a delivery task i. Initial offer sent (inos;) refers to the
timestamp of when the offer was initially broadcasted to the crowdsourced drivers within the
delivery assigned zone. Offer acceptance (ofac;) refers to the timestamp of when the driver

accepted the delivery task. Driver arrival (drar;) refers to the timestamp of when the driver arrived

1 As common in crowdshipping (Guda & Subramaniana, 2019; Tripathy et al., 2022), the platform assigns drivers to
a driver zone, which serves the stores located in at least one zip code (i.e., the same zone may serve multiple zip
codes).
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at the pick-up location. Driver starts trip (drst;) refers to the timestamp of when the driver started
the delivery route relative to a specific drop-off within the delivery task. Driver arrival at
destination (arad;) refers to the timestamp of when the driver arrives at the drop-off destination.
Order delivered (orde;) refers to the timestamp of when the driver delivers the order. Finally,
delivery time window end (de;) refers to the planned delivery time for a specific order. This dataset
also includes the delivery type for each order (expedited, standard, regular), and the intrinsic
characteristics of each order in the delivery task, for example volume and weight. Further, the
dataset reports the remuneration for the delivery task, distinguishing between compensation and
pre-tipping, and driver outcomes. Finally, the dataset reports the geo coordinates (latitude and
longitude) of each drop-off location, as well as information relative to the store that dispatched the
delivery task, including store id and complete address.

Second, we manually retrieved publicly available data from Alpha’s website about stores
that dispatched a delivery task. Specifically, we downloaded data on stores’ id, type, and exact
address. Alpha sorts stores dispatching a delivery task into different? types, based on the dimension
of the store. The exact address includes street name and number, 5-digit zip code, town, and state.
Next, we built a custom program to extract the geographical coordinates (i.e., longitude and
latitude) from each store address. Following current literature (Belo, Ferreira, & Telang, 2014;
Belenzon, Chatterji, & Daley, 2020; Barrios, Hochberg, & Yi, 2022), we employed Google Maps
Geocoding application programming interface (API), which is a Google Cloud Platform powered
by Google Enterprise API, that converts between addresses and geographic coordinates. The
platform library provides an XML file to automate the search for coordinates from the specified

address and guarantees complete integration with Microsoft Excel. Among the advantages of this

2 For confidentiality reasons, the number of drivers, stores, zip codes, delivery zones, and store types are not disclosed.
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API is the correction of small variations in spelling (misspelling) between the manually retrieved
and the actual address, allowing to find the geocoordinates when there is a close match (Belenzon
et al., 2020). We manually checked a sample of these conversions to ensure the precision of the
conversion, without finding any unreasonable matching (Belenzon et al., 2020). Finally, we
matched this and Alpha datasets through store id. Hence, using the geocoordinates of drop-off
locations (from Alpha) and of store locations (from Google), we computed the store-drop-off
distance, expedited in miles, using geodist function in STATAL7. This function computes
ellipsoidal distances (i.e., “the length of the shortest curve between two points along the surface of
the mathematical model of the earth WGS 1984 datum” (Picard, 2022) — the same used by Google
Earth) using Vincenty (1975)’s equation (Picard, 2022). A limitation is that geodist computes the
actual distance, not the travel distance. However, the nature of the dataset being limited to local
store-to-home deliveries allows to reasonably assume that g,, and travel distance are similar and
strongly correlated.

Third, we retrieved publicly available data from the Internal Revenue Service’s (IRS’s)
Statistics of Income (SOI) database relative to the per capita income at zip code level. The SOI
database reports several items forming the total income for a zip code in a specific year, such as
the adjusted gross income (AGI), income from royalties, income form wage and salary, and income
from unemployment insurance benefits. IRS compiles this database from tax returns filed by each
zip code in each year. Similar to prior literature (Mulvey, 1983; Cunningham, Gerardi, & Shen,
2021), for each zip code and latest available year (2019), we retrieved the per capita income from
the total income amount and the number of returns with total income. Finally, we matched this

dataset with the other two by zip codes.
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Data cleaning

Before performing the main analyses, we cleaned the dataset following best practices of recent
literature investigating similar contexts (Farber, 2015; Miao et al., 2022). First, we removed
incomplete or erroneous observations and outliers for all the variables of interest. Specifically, we
removed (1) orders with missing timestamps, (2) orders delivered by drivers whose age was below
21 and above 713, (3) erroneous observations with total travel distance longer than 21 miles* (4)
erroneous observations of ordered delivered before 6 AM and after 10 PM?. In the end, 1,667,993
million observations were retained as final sample. Based on the cleaned dataset, we plot the
histogram for the delivery tasks across the calendar days of the dataset in Figure 5, across the days
of the week in Figure 6, and the clock hour of the days in Figure 7. These histograms reveal a
positive trend of number of delivery task completed across the three months, with the pick during
mid-April, a reasonably consistent demand of delivery task across the days of the week and the
clock hour of the days, with peaks early in the morning (7-8 AM) and in the afternoon (1-2 PM).
To ensure that such trends would not be a source of endogeneity, we introduced dummy controls

for month, day of the week, and time of the day in all estimations.

% These thresholds result from symmetrically winsorizing driver age at 99%, align with prior literature investigating
similar contexts (i.e., crowdshipping) (Ta et al., 2021), and are motivated by federal regulations on alcohol delivery,
which may create unnecessary noise in the dataset (e.g., a 18 years old driver may not be given the choice of a delivery
task of orders including alcohol delivery).

4 This threshold result from symmetrically winsorized distance traveled at 99%, which produces an average distance
traveled of 4.3 miles (SD = 4). This aligns with prior literature investigating similar context (i.e., crowdshipping), for
example, Miao et al. (2022) average trip distance was 11km (~7 miles), and Castillo et al. (2022b)’s netnography
report drivers performing between 7 and 10 miles.

® Alpha provides the delivery service from 7 AM to 9 PM. Thus, a driver can accept a delivery task between the 6 AM
hour and no after the 9 PM hour of a given day.
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Variables construction - Outcome variables

We computed the outcome variables and predictors following theory, prior literature, and best

practices. Table 1 reports the descriptive statistics, and Table 2 reports the correlations.
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Table 1 — Descriptive Statistics

Variable Mean SD Min Max  Source
1) Acceptance (minutes)” A; 58.7  (Benson et al., 2020)
6.38 11.74 0.05 4
(2) Service time (minutes)” ST; 1519 7.99 3.04 427 (Liuetal, 2021)
(3) Driver attrition DRAT, 011 032 0 1 (Castillo et al., 2022b)
4) Driver return time DRET, 277 281 1 88 (Song, 2022)
(5) Remuneration ($)" M; 94.7 (Castillo et al., 2022b)
2781 1182 643 9
(6) Density (order/miles)” h; 087 072 016 419 (Wangetal., 2022)
(7) Expedited E; 0.1 0.3 0 1 (Peinkofer, 2020)
(8) Cumulative number delivery task cumsq 2.45 1.65 1 21 (Ergiin-Sahin et al., 2022)
9) Driver experience expqy 35.99 2528 0 88 (Batt & Gallino, 2019)
(10)  Distance drop-off to store new pickup dist; (Liu etal., 2021)
(miles) 002 017 0 1.63
(11)  Driver age (years)” ageg 4186 10.77 21 70 (Aietal., 2023)
(12)  Number drivers in zone ndr, 12.84 1038 1 92 (Tripathy et al., 2022)
(13)  Number orders in batch* nor; 1.75 052 1 12 (Lim, 2023)
(14)  Number of unattended deliveries” nun; 114 055 0 7

Note: * The variable was symmetrically winsorized at 99%. i denotes the delivery tak. d denotes the driver id. f denotes the
calendar day. z denotes the delivery zone.

Table 2 — Correlations

Variable 1) (2) (3) 4 (5) (6)
1) Acceptance (minutes) 1.00
¥)) Service time (minutes) 0.05"" 1.00
3) Driver attrition 0.00™" 0.01™ 1.00
(4) Driver return time -0.00" 0.00" 0.10™ 1.00
5) Remuneration ($) -0.06™" 0.20™*  -0.08™"  -0.10™" 1.00
(6) Density (order/miles) -0.04™  -0.37™ 0.01™" 0.02"*  -0.10"™ 1.00
(7) Expedited -0.05™" -0.11™ -0.02™ -0.01™ -0.10™" -0.11™
8) Cumulative number delivery task -0.00™  -0.04™  -0.08™  -0.10"™"  -0.02™" 0.03™
9) Driver experience -0.01™  -0.05""  -0.09™" 0.10™  -0.01™ 0.03™
(10)  Distance drop-off to store new pickup (miles)  0.00 0.00™  -0.04™"  -0.06™" 0.00" -0.00
(11)  Driver age (years) -0.04™" 0.02""  -0.02"" 0.00 -0.00 -0.00™"
(12)  Number drivers in zone -0.07"*  -0.05™"  -0.05™  -0.05""  -0.05™" 0.13™
(13)  Number orders in batch 0.03™" 0.7  -0.07""  -0.08"™" 0.09™" 0.17™
(14)  Number of unattended deliveries -0.00" 0.42™  -0.09™  -0.09"™ 0177  -0.12"

U] (8) 9 (10) (11) (12) (13) 14

@) 1.00
(8) -0.00 1.00
9) 0.02" 0.06™" 1.00
(10) -0.00™ -0.00 0.01" 1.00
(11) -0.01™ 0.04™* 0.07™" 0.00 1.00
(12) 0.04™ 0.09™" 0.14™" 0.00 0.02™ 1.00
(13) -0.49™ 0.01™" -0.00™" 0.00 0.01™" 0.01™" 1.00
(14) -0.15™" 0.01™" 0.00™" 0.00" 0.01™" 0.00™" 0.35™" 1.00

Note: “p<.1™p<.05™ p<.01

Delivery driver pre-task behavior, Acceptance response time (4;),

was operationalized as the

elapsed time (in minutes) between Initial offer sent (inos;) and Offer acceptance (ofac;). For the

delivery task i, Acceptance response time was computed as follows:
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A; = of ac; — inos;

Larger values of Acceptance; indicates that the delivery task took longer to be accepted.
Unfortunately, for confidentiality reasons, the dataset does not report the time stamp of when the
delivery driver entered the Driver App on a given day. Hence, for the first trip of each day, we
assumed the driver who accepted the delivery task was active (i.e., had his/her phone available) at
the time the offer was broadcasted. Despite this limitation, similar to Yu et al. (2020), we support
the validity of this operationalization using prior literature and theory. Similar operationalization
has been used in the studies related to gig economy workers (Benson et al., 2020). In addition, Hu
(2021) discussed how crowdshipping drivers face a setup cost when start delivering on a specific
day, as they stay around not just for one ride-task but for many. Thus, the accepting driver intended
to perform a series of delivery task and planned ahead before start delivering. Prior to the final
analysis, we computed the natural logarithm for A; to correct for distribution skewness. A similar
approach had been used in prior literature (Andritsos & Tang, 2014; Chan et al., 2021).

Delivery Driver task behavior, Driver Service time (ST;), was operationalized as the sum
of the elapsed time (in minutes) between Driver starts trip (drst;;) and Driver arrival at destination

(arad,;) for each order. For the delivery task i comprising of j number of drop-offs, Driver Service

time (ST;) was computed as follows:

]
STi = Z(aradij - dTStij)
j=1

Larger values of ST; indicates that the assigned driver took longer to complete all the deliveries in
the task. Similar operationalizations have been used in the literature to indicate the amount of
Service time for a delivery driver (Liu et al., 2021). Driver Service time ranges between 5 and

approximately 50 minutes. This aligns with prior literature reporting, for example, that drivers of
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Amazon logistics partners average between 80/200 stops per shift (i.e., for 80 stops in a 8-hour
shift, a driver would take 6 minutes/drop-off) (Wang et al., 2022), and industry benchmarks, for
example, Amazon delivery partners usually have 170 to 350 packages per delivery shift (Mayo,
2021), and UPS delivery drivers make at least 100 packages in a 9-11 hours shift (Straightaway,
2022).

Finally, we computed Driver retention using two distinct operationalizations. The first is
Driver attrition (DRAT), measured as a dummy variable taking 1 when a driver quits (i.e.,
disappears from the dataset), O otherwise. This operationalization follows prior literature
investigating individuals’ return behavior (De Vries, Roy, & De Koster, 2018), investigating
crowdshipping delivery drivers (Cullen & Farronato, 2021; Castillo et al., 2022b), and is of great
interest to firms as it is a costly and operational challenge (Emadi & Staats, 2020). The second is
Driver return time (DRET) after the delivery task, computed as the number of days until another
delivery task is completed or the end of the dataset. This operationalization follows prior literature
investigating the return time of individuals (De Vries et al., 2018; Song et al., 2022). A common
limitation of these operationalizations refers to the limited time span of the dataset, which does not
allow to observe the actual time of the next delivery task for all the delivery tasks, specifically
those accepted close to the end of the dataset. In these instances, common practice suggests
computing the number of days until the next delivery task or the end of the dataset (De Vries et
al., 2018). This operationalization is required to account for the censored nature of the dataset
(Hosmer & Lemeshow, 1999). A greater number of days between delivery tasks denotes lower
retention. The dataset reveals that drivers return on average every 3 days, and DRET ranges

between 1 and 88 days.
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Variables construction — Focal predictors

The focal predictors were operationalized following prior literature (Castillo et al., 2022b).
Specifically, Delivery task remuneration is computed as the sum (in USD) of the compensation
and tips for each order in the delivery task. For the delivery task i comprising of j number of drop-

offs, Delivery task remuneration (M;) was computed as follows:

]
Mi = z mj
=1

Where m; is the remuneration for the single drop-off j. Delivery task remuneration ranges between
$6.5 and $103. Other crowdshipping platforms, such as Instacart, reports instances of remuneration
as low as $5 and average $24 per batch (i.e., delivery task) (Rhea, 2022).

The moderator density was computed following Wang et al. (2022). Density is the ratio
between the total travel distance (in miles) to complete the delivery task, and the number of drop-
offs in the delivery task. For the delivery task i, Density (h;) was computed as follows:

oo Vi
n=1(gn)

Where g, is the distance in miles to reach delivery stop n from the previous delivery stop in the
route. The starting point is always the store. Each following delivery stop corresponds to each
delivery drop-off. Higher values of h; indicates greater density, as a higher number of drop-offs
per mile. The second moderator, Delivery type (DT), was operationalized as a dummy variable
indicating whether the delivery task was expedited or standard (Peinkofer et al., 2020).

Variables construction — Control variables

We also included a set of control variables. First, we included control variables relative to the

delivery driver who performed the task. We accounted for the cumulative number of deliveries

that a driver performed on a given day before performing the focal one. This variable captures the
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level of fatigue of a delivery driver throughout the day. Prior literature identified fatigue as a main
predictor of workers performance throughout the day (Huffman & Bognanno, 2018), and workers’
selection of easy tasks (Diwas et al., 2020). This operationalization follows operations
management literature that capture fatigue as, for example, the cumulative number of patients
served (KC & Terwiesch, 2009; Ergiin-Sahin et al., 2022). Then, we accounted for the driver
experience, captured by the number of times a driver delivered prior to completing the focal
delivery task (Mao et al., 2019). Despite the major limitation of this control variable relative to the
censored nature of the dataset, we followed prior literature in capturing the effect of the cumulative
delivery experience (Batt & Gallino, 2019). Next, we included the distance (in miles) between the
last drop-off location of the focal delivery task and the store of the new pick-up. This variable
takes 0 when the focal delivery task was the first of the day, because the dataset does not capture
the location of the driver before accepting the first task, and when the delivery task was the last of
the day. We included this variable as a proxy to control for the time it takes for a driver to return
to the dispatching center (store), following prior literature (Liu et al., 2021). Finally, we capture
driver age as the sole demographic variable that we could access. Recent literature investigated the
key importance of age for driver commitment to the ride-sharing platform (Ai et al., 2023).
Second, we included the number of drivers that were active in the same delivery zone of
the driver who performed the delivery task, at the clock time (i.e., same hour) when the delivery
task was broadcasted (Miao et al., 2022). Despite in the context of this study delivery drivers do
not know how many other drivers perform deliveries at a given time and day, we included this
control variables to exclude potential variance explained by drivers collusion, surge pricing, and
more in general delivery supply uncertainty (Benjaafar & Hu, 2020; Banerjee, Freund, & Lykouris,

2022; Miao et al., 2022; Tripathy et al., 2022).
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Finally, we included control variables relative to the deliver task, including the number of
orders to be dropped-off, and the number of unattended deliveries, which impact the time it takes
to perform the delivery task (Campbell & Savelsbergh, 2005; Wang et al., 2016; Agatz, Fan, &
Stam, 2021). In addition, we accounted for fixed effects related to store type, because prior
literature identified the importance of stores in order fulfillment (Gao & Su, 2017; Ishfaq & Raja,
2018; Dayarian & Pazour, 2022), and time fixed effects related to months, days of the week, and
time of the day (Drake et al., 2020; Choudhary et al., 2021; Salari, Liu, & Shen, 2022). Time of
the day was captured dividing the day into morning (6:00 AM — 12:59 PM), afternoon (1:00 PM
—4:59 PM), and after hours (5:00 PM — 9:00 PM) per (Drake et al., 2020).

Empirical Models

Preliminary analysis

Prior to the main analysis, we symmetrically winsorized the outcome variables, focal predictors,
and control variables at 99% to limit the effects of outliers and nonlinearities (Dikolli et al., 2021;
Qi et al., 2022). In addition, despite the correlation table revealed potential source of
multicollinearity, we observed that all Variance Inflation Factors are in line with literature
commonly accepted thresholds (Kennedy, 2008; Lumineau & Henderson, 2012; Perdikaki, Peng,
& Heim, 2015). Finally, following best practices (Aiken, West, & Reno, 1991) and common
procedures in the operations management literature (e.g., Kim & Zhu, 2018; Amengual &
Apfelbaum, 2021; Delfgaauw et al., 2022), in estimating the effect of interactions between
continuous independent variables, prior to the empirical analysis, we mean-centered the focal

predictors.
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Endogeneity concerns

The purpose of this study is to investigate the impact of monetary and operational characteristics
of a delivery task on driver behaviors. Despite the effort to collect many observable variables,
upon consulting operations management literature, we identified potential sources of endogeneity.
Endogeneity is an empirical challenge that can manifest through reverse causality bias, sample
bias, omitted variable bias, estimation model bias (Ho et al., 2017; Lu et al., 2018; Mithas et al.,
2022). We do not expect to face endogeneity for reverse causality bias, because the variables of
interest follow the flow of the delivery task (e.g., drivers see remuneration before accepting the
task, and task acceptance will not change the remuneration disclosed on the Driver App), and time
stamps were collected in real-time. Prior operations management literature investigating similar
research questions confirms that in this setting, reverse causality is not a concern (Wang & Zhou,
2018; Patel et al., 2021; Jain & Tan, 2022). However, in the analyses of this study, we addressed
three potential sources of endogeneity, namely endogeneity for sample bias, omitted variable bias,
and model estimation bias.

Endogeneity for sample bias (or sample selection) occurs when a dependent variable
missing values are the result of a non-random process that affects the OLS estimations given a
missing biasing factor influencing the presence of the observation (Certo et al., 2016). As discussed
later in this section, in the first stage of the 2SLS approach, we regress remuneration on the control
variables and the instrumental variables. However, the final sample included observations for 2.5
million observations for remuneration. Hence, we consider whether the estimated effects of such
smaller sample might be systematically biased due to unobservable factors and want to assess that
a smaller sample is systematically biased by observable variables in the dataset. Following prior

operations management literature (Lu & Shang, 2017; Wei, Xiao, & Rong, 2021; Barker et al.,
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2022), to avoid this source of endogeneity, we adopt Heckman’s sample selection model
(Heckman, 1979). Specifically, we calculated the inverse-Mills ratio and included it the main
IV/2SLS regressions to control for the potential selection bias (Dixon, Hong, & Wu, 2021; Wei et
al., 2021). We estimated the inverse Mills ratio through a probit regression predicting the
occurrence of observing remuneration in the dataset (Gambeta, Koka, & Hoskisson, 2019). Hence,
similar to Wei et al. (2021), we computed the probability of a delivery task disclosing remuneration
for the full sample (~ 6 million delivery tasks) using the moderators, control variables, the average
per capita income, and additional fixed effects relative to the driver delivery zones fixed effects
(as a robustness check, we estimated the inverse Mills ratio replacing delivery zone with zip codes
fixed effects, finding consistent estimations). We include additional control variables and fixed
effects that are not included in the outcome equation for the exclusion restriction (Lu & Shang,
2017). Following prior literature (Lu & Shang, 2017; Shang, Ferguson, & Galbreth, 2019; Suk,
Lee, & Kross, 2021), we performed the probit regression on a binary dependent variable
(Remuneration available 1 = yes 0 otherwise) with the following selection equation:

1 lf er + Eid > 0,

(1) Remuneration; = {0 otherwise

Where Z; is the vector of independent variables, I is the vector of coefficients, and ;4 are robust
standard errors, clustered for driver id to mitigate the potential source of heteroscedasticity. Z;T" is
specified as follows:

(2) Zi = yo+vihi +V2Ei +v3DC; + yacumy + ysexpy + vedist; +y,ageq + ygndr, +
Yonor; + Yonun; + Y1oPCip + Y11isStoreis + Y12imMONnthiy + V13w doWyy, + Yiaictime;: +
t+V1sizZone,

Where pci, is the per capita income at p zip code level retrieved from IRS 2019, store;,

month;,,, dow;,,, time;;, zone;,, are the categorical dummy variables for, respectively, store type
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s, month m, day of the week w, time of the day t, and delivery zone z. Table 3 reports the result
of equation (1). From equation (1), we obtain the inverse Mills ratio (IMR) and include it in all
regression models in this study.

Table 3 — Heckman's model first stage

DV: 1 = Remuneration available, 0 = otherwise

h; 0.045™** (0.001)
E; -0.108™" (0.002)
DC; -0.000™"" (0.000)
cumsgq 0.030™** (0.000)
expy -0.004"* (0.000)
dist; -0.000"** (0.000)
agegy -0.001 (0.000)
ndr, 0.001™** (0.000)
nor; -0.184" (0.001)
nun; -0.036""" (0.001)
pciy 0.001™** (0.000)
Constant -0.060™"" (0.017)
Month fe YES

Day of the week fe YES

Time of the day fe YES

Delivery zone fe YES

x? 861094.669

N 6,120,444

Note: *p <0.1, "p <0.05, ™ p<0.01, ™ p <0.005, ™™
p < 0.001. Reported standard errors are clustered by
driver ID.

Next, we addressed endogeneity for omitted variable bias, which manifests when
unobservable or unavailable factors affect both predictors and the outcome variables (Ho et al.,
2017). The impact of the focal predictor, delivery task remuneration, on the outcome variables, are
biased for distinct reasons. Prior literature reports several factors explaining the impact of delivery
task compensation on driver behaviors. First, predicted delivery service requests (predicted
demand) and delivery capacity (driver supply) are core elements impacting the remuneration for a
delivery task, that with the prior literature studying phenomenon such as surge pricing, collusion,
and market equilibrium (Cachon et al., 2017; Yildiz & Savelsbergh, 2019; Benjaafar & Hu, 2020;
Bernstein et al., 2021; Fatehi & Wagner, 2022; Miao et al., 2022; Tripathy et al., 2022). Predicted

demand and delivery capacity (supply) correspond to variables unavailable for confidentiality
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reasons: Alpha could not disclose the predicted demand for delivery service requests, nor the
current (actual) capacity of drivers. Although we could observe the actual demand (i.e., how many
delivery task were performed), we decided not to use it as instrumental variable because potential
source of endogeneity for reverse causality. Indeed, delivery task remuneration would directly
impact the number of completed tasks on a given day. As discussed in the variable
operationalization section, we assume that the driver who accepted and performed the delivery
task was active (i.e., had its phone available) at the time the offer was broadcasted, thus observing
only the actual delivery capacity. Finally, to verify that this source of endogeneity does not affect
the estimations, we consulted Alpha operations senior managers. On this matter, they confirmed
that the platform strives to ““...maintain the zone-level earnings per hour...” to avoid “...a bump in
offer payout....” However, the potential presence of bumps due to variations in demand and supply
are not captured in the dataset and we acknowledge as a source of endogeneity.

Second, the extension of the service area influence the remuneration for a delivery task
(Castillo et al., 2022a). Platforms typically establish a desired trade-off for cost/service levels for
service areas (Shen & Daskin, 2005; Castillo et al., 2022a), which depends on the number of depots
in the area (Fatehi & Wagner, 2022), the type of delivery area (i.e., urban vs rural) (Janjevic &
Winkenbach, 2020), and the predefined set of available delivery time (Amorim et al., 2020).
Although the dataset reports the unique id for driver delivery zones, we could not capture the
desired level of service for each delivery zone/area.

Third, the compensation scheme used by the crowdshipping platform is another element
influencing delivery task remuneration (Arslan et al., 2019; Dai & Liu, 2020; Dayarian &
Savelsbergh, 2020). We exclude that variance in the compensation scheme constitutes a source of

endogeneity because the observations of the delivery tasks remuneration were collected from a
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single platform that utilizes the same scheme across all markets. Aligned with other crowdshipping
platforms operating in the same space (i.e., last mile delivery) (Arslan et al., 2019), Alpha utilizes
a hourly rate as compensation scheme. Hence, aspects such as the number of orders within the
delivery task, the clock time of the day and day of the week (traffic) (Li et al., 2022), and the
characteristics of the delivery zone may influence the hourly rate and the remuneration for a
delivery task.

Therefore, to overcome the challenges of endogeneity for omitted variable bias, we adopted
a IV/2SLS econometric approach (Ho et al., 2017; Lu et al., 2018). This ensures to identify the
causal estimation for the effect of the focal predictors on the dependent variables. The first step in
the IV/2SLS approach is to identify instrumental variables that meets the relevance and exclusion
conditions, per Wooldridge (2010). Indeed, an instrument must explain the suspected endogenous
predictor (relevance condition), and affect the outcome variables only through the focal predictor
being unrelated to the unobservable variables included in the error term (Wooldridge, 2016).
Hence, in the context of this study, such instrument must relate to delivery task remuneration and
Tip%, without affecting driver behaviors relative to a specific delivery task.

We identify the instrument for delivery task remuneration as the average delivery task
remuneration per zip code p, day of the week w, clock hour time of the day h, and number of
orders in the delivery task o (avgMp,n,). In other words, to address the potential source of
endogeneity related to the unobserved desired level of cost/service for a delivery area and the
characteristics that the compensation scheme utilizes to compute the delivery task remuneration
for each delivery task remuneration, we computed the mean of the subgroup of which the delivery
task pertains. Similar operationalizations of instrumental variables based on the average of

identified subgroups within the dataset has been used in the operations management literature
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(Cachon, Gallino, & Olivares, 2019; Dhanorkar & Siemsen, 2021; Akturk, Mallipeddi, & Jia,
2022). It is conceivable that the average of delivery task remunerations for subgroups of delivery
tasks represents a strong instrument because it highly correlates to the suspected endogenous
predictor, and exogenous instrument given that delivery drivers cannot reasonably know or predict
the average compensation for all delivery tasks belonging to a subgroup. Following Akturk et al.
(2022)’s reasoning, it is unlikely that an individual observes the actual platform’s prior, current,
and future remunerations for each delivery task performed within a subgroup, and could only infer
an average based on personal experience.
Estimation Models
Depending on the outcome variable of interest and the unit of analysis, we tested the hypotheses
using the appropriate 1\V/2SLS estimation model. Hence, for the outcome variables A;, ST;, we
used a 2SLS approach with the unit of analysis as delivery task i. We estimated the predicted
values of the two endogenous predictors in the first-stage of the 2SLS. We ran an OLS regression
with delivery task remuneration as the outcome variable, and the control variables and instrumental
variables as predictors:

() M; = By + pravgMpyn, + BX; + €ig
Where X; is the vector of control variables, B is the vector of coefficients for the control variables,
and ¢;4 are robust standard errors, clustered for driver id to mitigate the potential source of
heteroscedasticity. BX; is specified as follows:

4) X; = Bo+ Picumy + Brexpy + Bsdist; + Byagey + Bsndr, + Lenor; + Bonun; +

Bspciy + BoisStore;s + BroimMmonthyy, + Bi1iwdow;y,, + Bizitime;, + Bizimr
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We indicate the corresponding predicted values as M, and T,, respectively, that we replace to M;
and T; when estimating model for the outcome variables. For the given outcome variables Y; =
(In (A4;), ST;), the final estimation models were specified as follows:

(5) Y;= ap+ a;M, + BX; + &4

To test the hypotheses for the outcome variable DRET, (the driver return time), we

aggregated the cleaned dataset into a panel dataset with delivery drivers’ ids as the cross-sectional
unit, and the calendar day as unique time id, resulting in ~800k observations. The panel dataset
reports the sum of delivery task remuneration that a single driver earned on a given day. Similarly
to the other outcome predictors, we also identified the instrumental variables for the two predictors
by computing the average of delivery task remuneration (angpwo) for a given zip code p, day
of the week w, and number of orders o. Then, we estimated the first and second stage of the
IV/2SLS approach following (Wooldridge, 2010). In the first stage, we regressed the daily delivery
task remuneration on the two instrumental variables as follows:

(6) Mgy, = Bo + pravgM,,,, + BXyy + €gy
Where the subscript y indicates the calendar day, the &4, indicates the robust standard errors,
clustering for driver id to mitigate potential source of heteroscedasticity, and BX 4, was specified
as follows:

(7) Xay = Bo + rexpay + Bantasky, + Psndry, + Buymmonthy,, + Bsyydow,,, +

ﬁedyttimedyt

Where exp,, indicates the driver experience accumulated since the beginning of the dataset,
ntaskg, indicates the total number of delivery tasks completed by driver d on the day y, ndr,
indicates the number of active drivers on a given day d, and month,,,,,, dow,,,, and timeg,,

represent the time fixed effects for month, day of the week, and the percentage of delivery task
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completed during the morning, afternoon, and afterhours in the day in which the driver performed
the delivery task. We indicate the corresponding predicted values as 1\7153,, that we replace to My,

when estimating the model for the outcome variables. The final estimation models for DRET,; was
specified as follows:

(8) DRET; = ay+ a;Myy, + BXyy + €4y
Challenges of working with large samples
Another potential challenge that we face in this study is the large sample size. While large datasets
helps generating more precise estimates (Ho et al., 2017), we discuss two challenges related to
establishing statistical inference when using large samples. Large samples include more than
10,000 observations per Lin, Lucas, & Shmueli (2013).

The first challenge is that p-value quickly approaches zero as the sample size increases.
Hence, researchers can draw incorrect statistical inferences based on a significant p-value that is
driven by the large sample (Mohajeri, Mesgari, & Lee, 2020). Lin et al. (2013) suggest several
remedies, including reporting the effect size and the confidence interval for each parameter. The
effect size reflects the sensitivity of the dependent variable to changes in the independent variable.
Reporting the most conservative bound of confidence intervals at 95% inform about the range and
magnitude of the parameters, especially with large sample sizes in which confidence intervals tend
to be tighter. Hence, following prior literature, for each estimation model we reported effect sizes
and confidence intervals for all parameters.

The second challenge is the setting of p-value thresholds. Benjamin et al. (2018) discussed
that the commonly accepted threshold of p<.05 results in a high rate of false positives and
recommended adopting a less conservative threshold of p<.005. Hence, following Benjamin et al.

(2018), we cautiously interpreted the estimations by looking at the level of significance.
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Results and Discussion

We first presented statistical evidence relative to our claims for endogeneity. Then, we reported
the testing of each hypothesis and a plot for each significant interaction effect. For linear
estimations, the plots use low and high values of continuous variables computed as + one standard
deviation from the mean. We also included additional analyses about VIF (Perdikaki et al., 2015),
effect size, and confidence intervals for each estimated coefficient (Lin et al., 2013; Benjamin et
al., 2018). Furthermore, similar to prior literature (Abbey et al., 2015), we reported the
standardized beta coefficient to ensure a more reliable comparison between effects on the same
outcome variable.

Tests for endogeneity

We assessed the presence of endogeneity and performed the appropriate statistical tests to ensure
that the instruments were strong. Specifically, for the dependent variables A;, ST;, we report the
Cragg-Donald Wald F-test for the first stage regression of each pair of instrumental variables and
endogenous predictors. Then, we report the Durbin y? for the Durbin-Wu-Hausman test that
compares the OLS estimations with the instrumental variable ones (Lu et al., 2018). Table 4 reports
the statistical evidence that (1) the instruments are strong and (2) the suspected endogenous focal
predictor is, indeed, endogenous.

Table 4 — Test for endogeneity

Suspected endogenous Delivery Task Remuneration

variable

Instrument avgMpwho

DV Durbin ¥? Cragg-Donald Wald F-test
In (4;) 497.35p<.01 704,440.10R?=.30p < .01
ST; 179.63p<.01 704,440.10R?*=.30p<.01
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Next, we reported the results of the first stage in Table 5. Model 1 reports the estimations
of equation 3 for the impact of the instrumental variable avgM,,,,, on delivery task remuneration
(B=0.989, SE = 0.001).

Table 5 — IV/2SLS results of the first stage

(1)

M;

B se
Cum n del -0.108™ (0.005)
Driv exp -0.003™ (0.001)
Miles prev stop to new pickup 0.018 (0.045)
Driv age -0.012™ (0.001)
N driv in zone 0.005™ (0.001)
N orders in batch -0.924™ (0.015)
Del unattended 2.541™ (0.018)
Inverse Mills Ratio 0.036 (0.045)
Store fixed effects YES
Month fixed effects YES
Day of the week fixed effects YES
Time of the day fixed effects YES
avgMypwno 0.989"" (0.001)
anprho
Constant -0.566™"" (0.068)
r2 0.299
r2 adjusted 0.299
N 1,667,993
F 35340.185"""

Note: *p < 0.1, *p <0.05, * p <0.01, ™ p <0.005, ™ p <
0.001. Reported robust standard errors are clustered on driver
ID.

For the dependent variable DRET,;, we conducted endogeneity tests to assess whether the
suspected endogenous focal predictors were indeed endogenous (Ho et al., 2017; Lu et al., 2018).
First, we ran a fixed-effect regression with xtivreg2 on STATA 17. The first-stage results
supported the notion that the instruments meet the exclusion condition. Specifically, the
Sanderson-Windmeijer chi-squared and F-test, Anderson-Rubin Wald test, and the Stock-Wright
LM S-statistic reject the null hypothesis that the weakly identified (Lu et al., 2018). Second, the
Davidson-McKinnon test retained the null hypothesis of an exogenous predictor (Wooldridge,
2010; Chuang, Oliva, & Perdikaki, 2016; Liu et al., 2016), suggesting that endogeneity is not a

concern in this analysis and an OLS regression can be adopted. Finally, we also compared fixed-
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effect to random-effect estimations through a Hausman test (Hausman, 1978; Certo, Withers, &
Semadeni, 2017), which reveals that a fixed-effect estimation is the most appropriate. Table 6
reports the statistical tests addressing endogeneity.

Table 6 — Test for endogeneity

Suspected endogenous variable Daily delivery Task Remuneration
Instrument avgMywo
Sanderson-Windmeijer 2 44,418.70 p < 0.01
Sanderson-Windmeijer F-test 44,41791p<0.01
Anderson-Rubin Wald test 3.73p<0.05
Stock-Wright LM S-statistic 3.73p<0.05
Davidson-McKinnon test 0.38p=0.54
Hausman y? comparing fe and re 3,330.79 p<0.01

Effects on Pre-task Behavior - Acceptance response time
To test hypotheses H1la, H4a, and H5a, we report in Table 7 the IVV/2SLS second stage estimations
relative to the outcome variable Acceptance response. Model 1 of Table 7 tested the following
estimation model:
(9) In(4) = ap + a;M, + BX; + &4
H1 predicted a positive effect of remuneration on driver pre-task behaviors, with a decrease
in Acceptance response time at higher levels of remuneration. Delivery task remuneration presents
a negative significant coefficient (e = -0.027, SE = 0.001) on Acceptance response time. Hence,
we find support for H1.
Next, Model 3 reports the coefficients for the interaction effects by testing this model:
(10) In (4;) = ao + oy M, + ayh; + azE; + a,M, X h; + a,M, X E; + BX; + €4
H4a suggested that drop-off density enhances the negative relationship between
remuneration and acceptance response time. The interaction effect shows a negative significant
interaction coefficient (« = -0.005, SE = 0.001). We plot the estimated coefficients in Figure 8,

which shows that density decreases acceptance response time, respectively, by 18% at high levels
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of remuneration, and 6% at low levels of remuneration, supporting H4a. Comparing the highest
(low remuneration — low density) and lowest (high remuneration — high density) levels in the plot
by exponentiating the relative values (1.98 and 1.09), we notice that Acceptance response time
decreases by 5 minutes.

Hb5a suggested that an expedited delivery mitigates the relationship between remuneration
and pre-task behaviors. Model 3 reports a positive significant interaction coefficient (a = 0.009,
SE = 0.001), and Figure 9 reveals that an expedited delivery is less preferable to a standard one
with an increase of 26% on acceptance response time at high levels of Remuneration, but only an
increase of 7% at low levels of remuneration. Further, we notice that the slope for standard delivery
is steeper than for expedited ones, suggesting that expedited delivery mitigates the negative effect
of remuneration, and supports H5a.

Table 7 — IV/2SLS second stage results for Acceptance response time and delivery task
remuneration

1) @) ®)
In (4;) In (4;) In (4;)

B se B se B se
cum; 4 -0.082™  (0.002) 0.083"  (0.002) 0.083™  (0.002)
expy 0.000 (0.000) 0.001** (0.000) 0.001™  (0.000)
dist; 0.001 (0.009) 0.001 (0.009) 0.001 (0.009)
agey -0.005™  (0.000) -0.005™  (0.000) -0.005™**  (0.000)
ndr, -0.005™  (0.001) -0.003™  (0.001) -0.003"**  (0.001)
nor; 0.235"™  (0.005) 0.395"™  (0.006) 0.395™  (0.006)
nun; 0.053"™  (0.003) -0.001 (0.003) -0.001 (0.003)
imr -1.401°  (0.021) 1507 (0.021) 1,509 (0.021)
Store fe YES YES YES
Month fe YES YES YES
Day of the week fe YES YES YES
Time of the day fe YES YES YES
Remuneration 0.0277  (0.000) 20.0277  (0.000) 0.028™  (0.000)
Density -0.200™*  (0.003) -0.208™*"  (0.003)
Expedited 0.282™**  (0.007) 0.314™  (0.008)
Remuneration x Density -0.005™**  (0.000)
Remuneration x Expedited 0.009™*  (0.001)
Constant 1.684™  (0.030) 1.566™  (0.029) 1.565™  (0.029)
r2 0.081 0.086 0.086
r2 adjusted 0.081 0.086 0.086
N 1,667,993 1,667,993 1,667,993
F 1679.703"" 1638.167"" 1512.995™"

Note: 4; is Acceptance response time (minutes). *p < 0.1, " p < 0.05, ™ p < 0.01, ™ p < 0.005, ™™ p < 0.001.

Reported robust standard errors are clustered on driver ID.
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Figure 8 — Interaction between Remuneration and Density on Acceptance response time
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Figure 9 — Interaction between Remuneration and Expedited on Acceptance response time
As recommended in prior literature, Table 8 reports the beta standardized coefficients, the
vif, the confidence intervals at 95%, and the effect size n? for each of the coefficients reported in

Table 7 for model 1 (testing H1a) and model 3 (testing H4a and H5a).
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Table 8 — Complementary statistics to 1V/2SLS second stage results for Acceptance response
time and delivery task remuneration

@ 3
In (4;) In (4;)

Beta VIF Cl 95% n? Beta VIF Cl 95% n?
cumgq -0.069 (1.060) [-0.086,-0.079] 0.006 -0.07 (1.061) [-0.087,-0.080] 0.006
expq 0.001 (1.807) [-0.000,0.001] 0.001 0.008 (1.815) [0.000,0.001] 0.001
dist; -0.029 (1.000) [-0.016,0.017] 0.001 -0.029 (1.000) [-0.016,0.018] 0.001
agey -0.026  (1.015)  [-0.006,-0.004]  0.001 -0.018  (1.015)  [-0.006,-0.004]  0.001
ndr, 0.062 (1.141)  [-0.006,-0.004]  0.001 0.104  (1.155)  [-0.004,-0.002]  0.001
nor; 0015 (1.231)  [0.225,0.244] 0.004 -0.029  (1.686)  [0.384,0.407] 0.005
nun; -0.189  (1.237)  [0.046,0.060] 0.001 -0.028  (1.275)  [-0.008,0.005] 0.001
imr -0.09 (1.355)  [-1.442,-1.361] 0.029 -0.204  (1.406)  [-1.550,-1.467] 0.031
Remuneration -0.029  (1.159)  [-0.028,-0.026] 0.008 -0.094  (1.310)  [-0.029,-0.027] 0.008
Density -0.077  (1.257)  [-0.215,-0.202]
Expedited 0.048  (1.897)  [0.298,0.330] 0.004
Remuneration x -0.01 (1.125)  [-0.006,-0.004] 0.001
Density
Remuneration x 0.008  (1.632) [0.007,0.011] 0.001
Expedited

Note: Beta coefficient, VIF, CI 95%, and n? (Effect Size) are based on the unstandardized coefficients reported in Table 7.

We performed a series of sensititivty analyses to ensure the robustness of our estimations
(Appendix A).
Discussion of results for the effects on pre-task behaviors — Acceptance response time
This set of results suggests that the likelihood of accepting a delivery task depends not only on the
monetary incentives, but also on the operational characteristics of the delivery task. Following
SET and IOE, before accepting an exchange, individuals identify the reward from such exchange,
which in the just-in-time scheduling is also based on the effort a server would need to commit to
complete the exchange. Denser delivery tasks represent a better income opportunity and reward
from the exchange for a delivery driver, who would guarantee him/herself a greater remuneration
for a lower commitment in terms of effort and time. Conversely, an expedited delivery requires
drivers to accept and complete the task with short notice, change their delivery plans, and renounce
the flexibility of the gig, generating a work-life conflict and a perceived lack of control
(Kamalahmadi et al., 2021). Delivery drivers will be reluctant to accept an expedited delivery,

even at high levels of remuneration or pre-tipping.
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These results offer several contributions. First, we contribute to the growing literature
investigating the central issue of crowdshipping of supply uncertainty (Benjaafar & Hu, 2020;
Dayarian & Savelsbergh, 2020). Adding to this literature that primarily investigated the effect of
monetary incentives on scheduling capacity (Cachon et al., 2017; Castillo et al., 2018, 2022b;
Duhaime & Woessner, 2019; Bernstein et al., 2021; Miao et al., 2022), this study unveils the
fundamental role of operational characteristics of the delivery task impacting supply capacity.
Hence, we acknowledge that monetary incentives serve as the main predictor to engage
crowdshipping delivery drivers (e.g., greater remuneration decreases Acceptance response time),
but we contribute by identifying the role of task characteristics. Relatedly, we also contribute to
the literature investigating last mile delivery fleet design, which finds an optimal solution in a
hybrid system that balances private and crowdshipping fleets to ensure both on-demand service
and consistency in the service level (Dai & Liu, 2020; Castillo et al., 2022a). This study adds the
importance of operational characteristics of the task to improve the stability of the supply capacity
and the preferred level of service to the customer.

Second, we contribute to SET and IOE by investigating the several aspects of an exchange
and income opportunity that delivery drivers evaluate before committing to such exchange.
Following the contribution to the crowdshipping literature, we inform SET relative to the several
aspects of an exchange that individuals (delivery drivers) evaluate. Indeed, the results of this study
extend SET success proposition (Homans, 1958; Narasimhan et al., 2009) by focusing on not only
the reward but also on the perceived level of effort that the exchange will require. Hence, the mere
reward (i.e., remuneration) is necessary but not sufficient to ensure the promised commitment to
the exchange, because delivery drivers will also account for the time and effort for the task before

accepting the exchange. A related aspect is the exchange partner’s strategy to reduce such
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perceived effort. At the same level of remuneration, drivers will more favorably engage in
exchanges for which the effort was somehow reduced by the platform (greater density by
consolidating drop-offs into the same delivery area) or by the customer (standard delivery vs
expedited delivery).

Next, this study contributes to SET by focusing on the exchange partners. Before
acceptance, a delivery driver identifies the exchange rewards with two separate parties: the
platform, which provides the compensation, and the customer, who promises a tip. IOE suggests
that larger gratuities constitute an additional income opportunity (Kamalahmadi et al., 2021), and
(Castillo et al., 2022b) confirms that tipping mitigates uncertainty in the service level in the
crowshipping context. Our contribution to SET is the evolution of the initial platform-driver
exchange into platform-driver-customer exchange, with both the platform and the customer
playing an active role in decreasing the service provider uncertainty. Therefore, we extend SET
value proposition (Emerson, 1962; Narasimhan et al., 2009) by suggesting that an exchange may
results in multiple exchanges, each resulting in distinct counterpart’s actions. For delivery drivers,
the value of the exchange with the platform is not as important as the value from the exchange
with the customer.

Effects on Task behaviors - Service time

To test hypotheses H2a, H4b, and H5b, relative to the impact of delivery task remuneration, the
moderators density, expedited, and interaction terms on task behavior of Service time, we report
in Table 9 the IV/2SLS second stage estimations. Model 1 in Table 9 tests the following estimation
model:

(11) STL = Qy + allel + BXl + &id
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H2a predicted a positive effect of remuneration on Driver task behaviors, with a decrease
of Service time at higher levels of remuneration. Remuneration presents a positive significant
coefficient (a = 0.072, SE = 0.002) on Service time. Thus, H2a was not supported.

Next, Model 3 reports the coefficients for the interaction effects by testing this model:

(12) ST; = ay + a; M, + ayh; + azE; + a,M, X h; + asM, X E; + BX; + &4

H4b suggested that higher drop-off density enhances the positive relationship between
remuneration and Driver task behaviors, hence enhancing the negative effect. The interaction
effect shows a negative significant interaction coefficient (a« = -0.051, SE = 0.002). Figure 10
reveals two important results. First, delivery density significantly reduces the Service time needed
to complete the task independently of task remuneration, with a decrease between 21% and 36%
of Service time depending on the remuneration. The importance of this result is a difference of
approximately 10 minutes (-36%) between delivery tasks having the same level of high
remuneration, but differentiated by the density of the task. In the crowdshipping context with on-
demand deliveries from stores to the local neighborhood, 10 minutes is often the Service time (we
recall that Service time is the time it takes to a driver to complete the task since s/he leaves the
store) of an additional task that could have been performed. Second, density moderates the
relationship between remuneration and Service time in different ways: Higher levels of density
reduce Service time with greater remuneration, whereas lower levels of density increase Service
time with greater remuneration. Thus, H4a was partially supported.

H5b suggested that an expedited delivery enhances the effect of remuneration on Service

time. Model 3 reports a non-significant coefficient, thus, we do not find support H5b.
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Table 9 — IV/2SLS second stage results for Service time and delivery task remuneration

1) ) )
ST; ST; ST;
B se B se B se

cumsq -0.276™™  (0.005) -0.251™" (0.005) -0.252"" (0.005)
expqy -0.018™™  (0.001) -0.015™* (0.001) -0.015™ (0.001)
dist; 0.161™"  (0.026) 0.125™ (0.024) 0.124™ (0.023)
agegq 0.031™"  (0.002) 0.028™ (0.002) 0.027 (0.002)
ndr, -0.010™™  (0.001) 0.024™ (0.001) 0.026™ (0.001)
nor; 10.319™  (0.037) 10.490 (0.041) 10.594™ (0.042)
nun; -1.763™"  (0.018) -1.752" (0.016) -1.755™ (0.016)
imr -1.805™  (0.087) -2.051" (0.082) -2.082" (0.081)
Store fe YES YES YES
Month fe YES YES YES
Day of the week fe YES YES YES
Time of the day fe YES YES YES
Remuneration 0.072"*  (0.001) 0.048™" (0.001) 0.043™" (0.001)
Density -3.709™* (0.012) -3.794™ (0.013)
Expedited -1.189™" (0.022) -1.150" (0.025)
Remuneration x Density -0.051™"  (0.002)
Remuneration x Expedited 0.005* (0.003)
Constant 6.279™"  (0.095) 6.707" (0.088) 6.725""" (0.088)
r2 0.203 0.305 0.306
r2 adjusted 0.203 0.305 0.306
N 1,667,993 1,667,993 1,667,993
F 8575.988""" 13163.886™" 12387.741™

Note: ST; is Service time (minutes). * p < 0.1, " p < 0.05, ™ p < 0.01, ™ p < 0.005, ™™ p < 0.001. Reported robust standard
errors are clustered on driver ID.
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Figure 10 — Interaction between Remuneration and Density on Service time
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As for Acceptance response time, Table 10 report the beta standardized coefficients, the
vif, the confidence intervals at 95%, and the effect size n? for each of the coefficients reported in
Table 9.

Table 10 — Complementary statistics to 1V/2sls second stage results for Service time and delivery
task remuneration

1) @)

ST; ST;

Beta VIF Cl 95% n? Beta VIF Cl 95% n?
cumgy 20052 (1.060) [-0.244-0.222]  0.006 20050 (1.061) [-0.239,-0.218]  0.465
expy -0.046  (1.807)  [-0.016,-0.013] 0.002 -0.032  (1.815) [-0.011,-0.008] 0.007
dist; 0.002  (1.000) [0.038,0.170] 0.001 0.002  (1.000)  [0.029,0.151] 0.002
agegy 0.029  (1.015) [0.019,0.025] 0.002 0.027  (1.015) [0.017,0.023] 0.001
ndr, -0.018  (1.141) [-0.013,-0.007] 0.001 0.023  (1.155) [0.018,0.023] 0.002
nor; 0.05  (1.231)  [0.498,0.564] 0.17 0.119  (1.686)  [1.504,1.588] 0.002
nun; 0.393 (1.237)  [5.697,5.764] 0.009 0.313  (1.275)  [4.781,4.844] 0.191
imr -0.037  (1.355)  [-0.999,-0.719] 0.003 -0.058  (1.407)  [-1.694,-1.425] 0.012
Remuneration 0.023  (1.159) [0.070,0.075] 0.006 0.039  (1.310)  [0.041,0.046] 0.185
Density -0.348  (1.257)  [-3.819,-3.770] 0.002
Expedited -0.041  (1.897)  [-1.199,-1.101] 0.008
Remuneration x (1.125)  [-0.054,-0.048] 0.007
Density -0.025
Remuneration x (1.632)  [-0.001,0.011] 0.001
Expedited -0.027

Note: Beta coefficient, VIF, CI 95%, and n? (Effect Size) are based on the unstandardized coefficients reported in Table 9.

We performed a series of sensititivity analyses to ensure the robustness of the estimations
(see Appendix A).
Discussion of results for the effects on task behaviors — Service time
This set of results provide support that in contrast to our predictions, delivery task remuneration
does not incentivize delivery driver task behaviors relative to Service time. We explain this result
following two distinct, yet complementary explanations. First, aligned with the logic related to the
compensation scheme (Arslan et al., 2019), remuneration presents a positive effect on Service time
because delivery drivers may be paid more to perform longer. Second, drivers would take longer
to perform a task because, knowing that they will be receiving such high compensation, they would
not put an extra effort to perform a task faster, switching the value of the exchange to their

advantage. In addition, delivery task operational characteristics would mitigate such effect
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reducing the Service time, especially for high density and expedited, yet drivers completing a
complex task receiving a high remuneration would take longer to perform the task because of the
compensation scheme as well as no extra effort required to task completion.

Second, we contribute to SET and IOE. Social exchange theory typically do not predict an
exchange part performance. However, IOE extends SET by offering the theoretical background to
investigate the impact of incentives and rewards on a server performance in the just-in-time
scheduling. This study contributes to SET by suggesting that depending on the type of reward, and
which exchanging parts provide the reward, the performance will likely improve. Hence, it is
important to clarify the role of each exchange part: despite the platform offers the reward and
strives to ensure the service quality, the reward for the exchange with the customer is what matters
the most. This study also contributes to IOE. While IOE studies the effect of the server’s intrinsic
abilities moderating the impact of monetary incentives (income opportunity effect) on servers’
performance, we expand IOE by studying the intrinsic characteristics of the delivery task. Hence,
in a context of just-in-time scheduling with independent contractors as servers, a platform that
cannot control which driver will be accepting the task (in this context, the platform just broadcasts
the offer onto the Driver App), attempts to improve the performance through the intrinsic
characteristics of the task.

Effects on Post-task behaviors — Driver Satisfaction and Retention

The final set of hypotheses considers the impact of delivery task remuneration and the interaction
effects with delivery task operational characteristics on post-task behaviors of driver retention. To
study the hypotheses H3, H4c, and H5c relative to the impact of delivery task remuneration, the
moderators density, expedited, and interaction terms on driver retention in the form of driver return

time, we report in Table 11 the OLS regression estimations obtained from the panel dataset. We
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recall that we found statistical evidence to support the notion that the total delivery remuneration
for a given day of deliveries does not present endogeneity concerns on the number of days until
the driver performs another delivery task.
Model 1 in Table 11 tests the following estimation fixed-effect model:
(13) DRETy, = ay + a;Mgy, + BXgy, + 4y
H3a predicted a positive effect of remuneration on driver post-task behaviors, with a
decrease of number of days at higher levels of remuneration. Remuneration day presents a positive
and significant coefficient (@« = 0.001, SE = 0.001) on driver return time. Thus, H3a was not
supported.
Next, Model 3 reports the coefficients for the interaction effects by testing this model:
(14) DRETy, = ay + a;Mgy, + azhgy + azEgy, + ayMyy, X hgy + asMgy, X Egy, + BXgy, +
Eay
Where, differently from the previous analyses, h,, refers to the density of all delivery tasks
performed in a given day (total number of orders over total number of miles), E,, represents the

number of expedited delivery tasks completed in a given day.

H4c suggested that higher drop-off density enhances the positive relationship between
remuneration and retention. The interaction effect shows a non-significant coefficient. Hence, H4c
was not supported. H5c¢ suggested that a larger number of expedited deliveries mitigates the effect
of remuneration on retention. Model 3 reports a positive and significant interaction term (a =
0.001, SE = 0.001), and Figure 11 shows that at high levels of remuneration, the difference in
return days is smaller between standard and expedited as compared to lower levels of

remuneration, thus supporting H5c.
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Table 11 — OLS estimations for Driver return time and daily remuneration

1) ) 3)
DRET,, DRET,, DRET,,

B se B se B se
expay -0.019™"  (0.000) -0.019™  (0.000) -0.019™  (0.000)
ntaskg, -0.078™"  (0.004) -0.077" (0.004) -0.078™"  (0.004)
ndr, 0.001"**  (0.000) 0.001™**  (0.000) 0.001***  (0.000)
Month fe YES YES YES
Day of the week fe YES YES YES
Time of the day fe YES YES YES
Remuneration day 0.001™*  (0.000) 0.001™ (0.000) 0.001™*  (0.000)
Density 0.048™* (0.016) 0.043" (0.021)
Expedited -0.000 (0.004) -0.026™  (0.008)
Remuneration day x Density 0.000 (0.000)
Remuneration day x Expedited 0.000"*  (0.000)
Constant 3.409™™  (0.017) 3.390" (0.018) 3.418™"  (0.019)
Within r2 0.015 0.015 0.015
N 862,199 862,199 862,199
F 501.593" 413.375™ 352,713

Note: DRET,, is driver return time (days). * p < 0.1, "p < 0.05, ™ p < 0.01, ™" p < 0.005, "™ p < 0.001. Reported robust
standard errors are clustered on driver ID.
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Figure 11 — Interaction between Remuneration and Expedited on Retention

Survival analysis
An additional analysis that is typically carried out in the literature to assess driver retention focuses
on investigating the effect of the focal predictors on Driver attrition (Castillo et al., 2022b). This

is of particular interest in the crowshipping context, where there is a debate relative to the real
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consequences of driver attrition. This context is characterized by high attrition rates, with evidence
of 60% of drivers no longer active after six months (Rosenblat, 2016; Kooti et al., 2019; Cook et
al., 2021). Some support the notion that the number of newcomers outweighs the attrition rate,
leading to a growth of the platform (Kooti et al., 2019). In contrast, others sustain that such high
attrition rates affect the feasibility of desired service levels and platform long-term strategy
(Rosenblat, 2016). This is explained by the literature discussing network effects in crowdshipping.
The network effect occurs in the early stages of market penetration for a given platform, and
manifests in the iterative loop between the number of drivers and the number of customers (Apte
& Davis, 2019). Greater is the number of drivers, cheaper is the service and easier the matching,
attracting more customers, and in turn more drivers (Mittal et al., 2021). According to existing
literature, such network effects tend to exist only at local level (Cullen & Farronato, 2021), it is
not scalable in the short term with surges in demand for delivery service (Qi et al., 2018), and
requires a larger number of drivers than customers (Mittal et al., 2021). Hence, driver attrition is
not necessarily compensated by newcomers, or at least is not sustainable as long-term strategy.
Given the nature of the driver attrition operationalization and the characteristics of the
dataset, following prior literature (Azadegan, Patel, & Parida, 2013; De Vries, DeKoster, & Stam,
2016; Singh, Kemerer, & Ramasubbu, 2021), we investigate driver attrition using survival
analysis. Survival analysis is adopted when considering the occurrence of a binary outcome
variable (presence or absence of an individual) given the left censored (late entry) and/or the right
censored (truncation of the study period) nature of the dataset (Bhattacharjee et al., 2007; Flynn,
2012; Singh et al., 2021). Survival analysis can determine the impact of covariates on the survival
time, defined as the time interval between the start and follow-up for a subject until the event of

interest occurs or until censored (Flynn, 2012).
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Figure 12 — Kaplan-Meier survival function curve

As common in survival analysis (Clark et al., 2003), we assess the survival rate of
crowdshipping delivery drivers by consulting the Kaplan-Meier survival curve (Kaplan & Meier,
1958), which shows the survival function against time estimated as the cumulative probability of
survival for all individuals in the dataset since the baseline (Kaplan & Meier, 1958). Thus, we
identified the cumulative probability of how many drivers survived for how many days in the
dataset before disappearing. Figure 12 presents the Kaplan-Meier curve showing that only 25% of
delivery drivers (~19k drivers) in the dataset survive for more than 16-17 days. This does not
reflect drivers that consistently delivered everyday for 17 consecutive days. Rather, it shows that
only 25% of drivers were still present in the dataset after 17 days since their first appearance.

Motivated by this result and the results for driver return time, where we found that the most
prominent predictors of retention are the monetary incentives, we assessed the impact of

remuneration for a given day on the survival rate of crowdshipping delivery drivers. Following
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prior literature (De Vries et al., 2018; Senot, 2019), we adopted several estimation models to assess
the effect of covariates on the hazard rate and the robustness of the estimations (see Appendix A).

We adopted a Cox proportional hazards regression model (Cox, 1972). This is a semi-
parametric multivariate survival analysis model, that estimates the effect of covariates on the
hazard rate, without being subject to assumptions relative to the distribution of the hazard rate over
time (Bradburn et al., 2003; Senot, 2019; Singh et al., 2021). Model 1 and Model 2 in Table 12
report the estimations for the impact of remuneration on the hazard rate without and with control

variables by assessing the following estimation models:
(15) ha(t/X) = Ao(t) X exp{a; Mgy }
(16) ha(t/X) = 2o(t) x exp{a; Mgy, + azexpgy, + asntaskg, + azndr, +
AaymMONthyy, + sy dow,,, + aGdyttimedyt}

Table 12 — Cox proportional hazard regression model for remuneration per day

1) )
DRAT, DRAT,,
B se B se

expay 0.011™™ (0.000)
ntaskg, -0.118™" (0.005)
ndr, 0.001™ (0.000)
Month fe YES
Day of the week fe YES
Time of the day fe YES
Remuneration day -0.004™ (0.000) -0.000* (0.000)
Y 4187.970 80078.372
McFadden’s pseudo R? 0.003 0.05
N 862,199 862,199
N clusters 77,561 77,561

Note: DRATy,, is driver attrition. * p < 0.1, " p <0.05, ™ p < 0.01, ™ p < 0.005, ™ p < 0.001. Reported robust standard
errors are clustered on driver ID.

Next, Figure 13 report the Cox proportional hazards regression functions plotted at + one
standard deviation from the mean for each focal predictor. Specifically, in Figure 13, the curves
represent the survival rate when the remuneration per day is $23 (green), $83 (red), and $144

(blue). Interestingly, using the same 17 days threshold, Figure 13 suggests that plus one standard
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deviation from the mean corresponds to an increase of the percentage of drivers from 25% (~19k
drivers) to 35% (~27k drivers). Minus one standard deviation, instead, reduces drivers from 25%

to 15% (~12k drivers).

Cox proportional hazards regression
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Figure 13 — Cox proportional hazard regression model for remuneration per day

Discussion of results for the effects on post-task behaviors — Driver satisfaction and retention

This set of results suggests that monetary incentives, rather than operational characteristics of the
task, constitute the primary driver of post-task behaviors. The results for driver retention extend
prior literature in several ways. First, this study contributes to the crowdshipping literature
investigating driver retention through driver motivations (Anderson, 2014; Rosenblat, 2016;
Cameron, 2022) and organizational identity (Petriglieri et al., 2019; Hua et al., 2020; Ai et al.,
2023). We extend this literature by discussing the key role of the platform in providing a consistent
flow of delivery tasks and income to delivery drivers, as well as the role of customers in providing
the incentive to reduce attrition rate. Overall, greater remuneration does not guarantee that drivers

will drive more consistently, but they tend to be more loyalty, whereas drivers will return more
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frequently and are loyal to ensure additional tips. Second, the latter also expands the discussion
about network effects in crowdshipping. Greater remuneration would attract more drivers, which
would attract more customers, but it does not necessarily ease the matching and attract more
customers, confirming that network effects is not always scalable due to the need for a large
number of drivers (Qi et al., 2018; Cullen & Farronato, 2021; Mittal et al., 2021).

This set of results also contributes to theory. I0E identifies the effect of the income
opportunity on the short-term performance of the server. Kamalahmadi et al. (2021) suggested
investigating the impact of the income opportunity on the long-term impact on servers’ turnover.
We extend this perspective by finding the long-term (please recall that in the crowdshipping
context three months is fairly long-term time period) consequences of the income opportunity. A
consistent flow of income opportunities decreases server turnover. This is important for platforms
that invest resources to nurture the relationship with the independent service provider (Apte &
Davis, 2019), and fight issues such as lack of organizational identity (Ai et al., 2023). In addition,
(Kamalahmadi et al., 2021) recommended studying the effect of the timing of the delivery task on
a worker’s response. We found that the delivery type does not offer a meaningful change in driver
satisfaction and retention, extending the IOE by finding that the delivery characteristics do not
significantly impact driver post-task behaviors.

Conclusions, limitations, and directions for future research

While crowdshipping is a growing phenomenon presenting several advantaged for last mile
delivery, it brings challenges related to the uncertainty in the delivery driver supply capacity
(Benjaafar & Hu, 2020). This study attempts to address such a challenge by investigating the role

of monetary incentives and operational characteristics of the delivery task on driver behaviors in
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the pre-task, task, and post-task. Besides the contributions presented after each set of results, we
present here some overarching conclusions and contributions to theory and practice.

Theoretical contributions

This study presents two overarching theoretical contributions. First, the key importance of
operational task characteristics in shaping driver behaviors in pre-task, task, and post-task. Using
a social exchange perspective, a delivery driver would not just evaluate the monetary reward, but
also the effort that will require to obtain such reward. This evaluation depends on the operational
characteristics that the driver can notice before accepting the task (density, delivery type).
Relatedly, some behaviors are influenced in a larger part by operational characteristics than
monetary incentive. For instance, the Service time is more influenced by density and task
complexity than remuneration. Hence, we draw research attention to consider monetary incentives
as a minor source of motivation to improve the Service time (and quality) when compared to the
operational characteristics. This, in turn, offers a contribution to IOE. The income opportunity may
initially attract servers, but the service performance could be driven by motivations other than the
income opportunity, such as the characteristics of the task. Finally, we provide empirical evidence
to the I0E extension of SET by looking at the performance of the service provider.

Managerial contributions

This study also offers several managerial contributions. First, tracing driver behaviors throughout
the delivery task offers the key advantage of understanding the effect of incentives on the driver
performance. Typically, crowdshipping platforms present drivers with ex-post metrics relative to
their performance. In contexts in which every minute counts, it would be possible to facilitate the
service provision of an order, thus offering a better level of service to customers, by balancing the

monetary incentives and the operational characteristics of the task. For example, combining orders
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together to increase density can significantly reduce acceptance response time by 5 minutes, which
corresponds to the Service time required to deliver an extra order. Importantly, it is the combined
effect of monetary incentives and operational characteristics that attract a driver, and not just the
greater remuneration. Similarly, a denser task can decrease the Service time by up to 10 minutes,
which corresponds to twice the total time saving of the combined effect of remuneration and
density for acceptance response time.

The second contribution to practice relates to service uncertainty and server capacity,
which are limited by the intense competition between platforms (Bernstein et al., 2021) and high
attrition rates (Rosenblat, 2016; Cook et al., 2021). This study informs managers that monetary
incentives alone do not provide sufficient motivation to attract drivers, who might be loyal but not
reliable for an on-demand service provision. Attracting drivers leveraging operational
characteristics helps to reduce uncertainty as well as win over competitors. Finally, it is important
to notice the key importance of batching customers’ orders together in delivery tasks. Delivery
drivers do not have immediate access to how much each individual customer tipped, rather, the
pre-tipping disclosed is the sum of the pre-tipping for all orders. This is important, for example, to
avoid driver retaliatory behaviors against a customers offering a low pre-tipping, as well as drivers
deviating from the optimal routing (Liu et al., 2021) to satisfy customers offering larger pre-
tipping.

Limitations and directions for future research

As with every empirical study, this research presents limitations. First, our study builds on the
reasoning that three operational characteristics of the delivery task affect the relationship between
monetary incentives and drivers behaviors. While we drew those operational characteristics from

prior literature (Castillo et al., 2022b), and are theoretically and contextually interesting, there can
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be other operational characteristics of the delivery task that we did not consider in this study.
Future research may focus on the delivery task dispatching process flow, assessing how the
interaction between store associates and drivers impacts the overall performance. Relatedly, we
acknowledge the limitations of the dataset. First, the dataset includes only completed delivery
tasks. However, a rising problem in last mile delivery are failed deliveries, which would require
an expensive second delivery attempt (Cardenas, Beckers, & Vanelslander, 2017; Convey, 2018).
Studies could investigate how platforms handle such failed deliveries and if this aspect impact
driver behaviors. Second, the operationalization of task complexity presents limitations. Future
research could retrieve more granular data to explore the effect of scanning the barcodes of
packages at the drop-off. Third, the dataset and the analyses only allows us to draw inference on
driver behaviors, because we did not directly observed such behaviors through, for example, an
ethnography (Castillo et al., 2022b). Future research could investigate such behaviors by adding
qualitative data to the estimations results. Next, we based our study on a dataset retrieved from a
single firm over a three-month period. While this limitation affects several studies in the
operational management literature, a single-firm-dataset and from a quarter without peaks of
seasonal delivery service demand (e.g., festivities) allows to obtain cleaner results (Lu, Lee, &
Son, 2022). Hence, we encourage researchers and practitioners to cautiously interpret the
conclusions of this study. In addition, the dataset may present limitations in terms of driver
demographics, which have been found to be important predictors of retention, for example, gender
(Cook et al., 2021). Finally, we encourage future research to expand the theoretical background to

assess the impact of monetary and non-monetary incentives on driver behaviors.
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I11. Essay 2: Leveraging driver’s learning: The impact of driver’s familiarity and order
characteristics on delivery performance
Introduction
Improving last mile delivery performance has become increasingly important to ensure service
quality in the order fulfillment process (Shang & Liu, 2011; Caro, Kok, & Martinez-de-Albéniz,
2020; Cui, Li, & Li, 2020). However, delivery service providers struggle with on-time deliveries
(Liu, He, & Shen, 2021). Recent empirical evidence and anecdotal statistics showcase the
relevance of delivery performance for final customers and service providers (Convey, 2018; Cui,
Yang, & Vertinsky, 2018; Awaysheh et al., 2021; Dolan, 2022). Prior studies examined several
approaches to improve on-time performance. A stream of literature adopted analytical models to
improve efficiency and effectiveness (Lu, Suzuki, & Clottey, 2020; Paradiso et al., 2020; Delasay,
Jain, & Kumar, 2022; Stroh, Erera, & Toriello, 2022). An alternative approach was to explore the
impact of innovation in last mile delivery on performance with studies on drone delivery,
automatic vehicles, and real-time vehicle tracking (Perera et al., 2020; Praet & Martens, 2020;
Reed, Campbell, & Thomas, 2022). Finally, literature has also looked at improving efficiency
through drop-offs consolidation and enabling customers to self-delivery (Wollenburg et al., 2018;
Wang et al., 2019a; Lyu & Teo, 2022).

An alternative solution is to understand delivery drivers’ experience as a key resource.
Specifically, to improve delivery performance, studies have looked at driver familiarity, defined
as the experience of the driver repeatedly visiting service areas or a customer (Zhong, Hall, &
Dessouky, 2007). Familiarity is a crucial factor influencing delivery performance, especially
crowdshipping (Mao et al., 2019, 2022). Several studies advocate for assigning delivery tasks to

drivers familiar with the service area or the final customer (Smilowitz, Nowak, & Jiang, 2013).
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Driver familiarity provides the advantage of decreasing the service time while improving driver
and customer outcomes (Keller, 2002; Haughton, 2008). Indeed, a driver that develops expertise
through familiarity will improve operations in the service time, such as finding the destination,
parking, and delivering (Schneider, 2016). However, a contrasting view indicates that driver
familiarity is detrimental to delivery performance (Zhong et al., 2007). Increased familiarity
implies fixed routes and territories that are repeatedly assigned to the same drivers. In the long run,
this reduces flexibility in optimizing dispatch plans on a daily basis, and drivers would also
perform worse when delivering in other areas or for other customers (Zhong et al., 2007). Planning
flexibility is especially important in crowdshipping, where platforms need to match random
demand with random supply (Fatehi & Wagner, 2022; Tian, Shi, & Qi, 2022). Hence, familiarity
is valuable when drivers are dispatched to their delivery zone. This study supports the logic that
driver familiarity improves delivery performance. This is consistent with the crowdshipping
context, in which drivers are assigned to delivery zones (Cachon, Daniels, & Lobel, 2017). Indeed,
assigning drivers to the same delivery zone or customers will have a learning effect that, over time,
increases delivery time performance, customer satisfaction with the delivery, and driver retention
(Zhong et al., 2007). Hence, the first research question is RQ1: How does driver familiarity impact
delivery outcomes in terms of time performance, customer satisfaction, and driver retention?
The role of driver familiarity is likely to be contingent upon delivery characteristics. The
first characteristics influencing driver familiarity with a delivery zone, or a customer relates to the
type of delivery, specifically attended or unattended delivery. An attended delivery occurs when
there is a service encounter between the customer and the delivery driver (McKinnon & Tallam,
2003; Lim, Jin, & Srai, 2018). Conversely, unattended deliveries are provided through reception

boxes, and they usually improve efficiency (Punakivi, Yrjola, & Holmstrém, 2001). In
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crowdshipping, delivery drivers develop expertise in delivering either attended or unattended
deliveries. Cameron (2022) explains that crowdshipping drivers play either a relational or
efficiency game. In the relational game, drivers develop expertise in establishing a positive
relationship with the customer. On the other hand, in the efficiency game, drivers develop expertise
in improving delivery efficiency by avoiding the interaction with the customer. Hence, the extent
to which drivers utilize either of the two delivery types will impact how familiarity affects delivery,
customer, and driver outcomes. The second research question is RQ2: How do delivery repeated
characteristics affect the relationship between driver’s familiarity and delivery outcomes in terms
of time performance, customer satisfaction, and driver retention?

A second element related to the delivery characteristics is the geographic area in which the
delivery is completed. Literature on last mile delivery and crowdshipping has discussed the
contextual differences between rural and urban delivery (Rose, Bell, & Griffis, 2022). Specifically,
rural deliveries are characterized by less complexity because of the fewer constraints related, for
example, to less traffic, time constraints, and density (Rose et al., 2019; Seghezzi, Siragusa, &
Mangiaracina, 2022). In contrast, urban delivery requires more experienced drivers to overcome a
large city’s uncertainty, accessibility, and redundancy (Rose et al., 2019). Congestion and
complexity of urban scenarios decrease the chances for drivers to become familiar with the
delivery area, even though operations managers often assign a subset of experienced drivers to an
urban core, while interchanging drivers among more peripheral areas (Rose et al., 2019; Seghezzi
et al., 2022). This is also important because when drivers become more familiar with their routes
over time, it should be possible to add more customers or expand the service territory (Smilowitz
etal., 2013). This is consistent with the notion that as a worker completes more varied tasks, he/she

can change more effectively between tasks (Staats & Gino, 2012). Hence, driver familiarity with
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the delivery route is also contingent upon the delivery area. The third research question is RQ3:
How do delivery characteristics in term of delivery area affect the relationship between driver
familiarity and delivery outcomes in terms of time performance, customer satisfaction, and
driver’s retention?

To inform these research questions, this study adopts the logic of the body of knowledge
on learning in service systems (Shafer, Nembhard, & Uzumeri, 2001; Staats & Gino, 2012;
Bimpikis & Markakis, 2019). This body of knowledge theorizes on the interplay between service
time and task-type uncertainty, defining the performance of two categories of servers: junior and
senior (Bimpikis & Markakis, 2019). We complement these notions with recent literature on last
mile delivery that explains how the contextual elements of crowdshipping play a role in driver
familiarity. We develop hypotheses relative to the direct effect of driver familiarity on delivery
outcomes and the moderation effect of delivery characteristics.

We empirically investigate these hypotheses using a large dataset comprising 7 million
deliveries performed over a three-month period (February to April 2022). Results from
econometric analysis offer several theoretical and managerial contributions. First, we reveal the
role of driver familiarity in shaping delivery outcomes, adding knowledge to the debate in the
literature between the positive and detrimental effects of driver familiarity on delivery
performance. Second, we identify the boundary conditions under which learning improves
performance, determining the impact of driver attitude toward deliveries, and the impact of
geographic areas on learning. Finally, we aim to provide managerial implications relative to
dispatching deliveries to experienced drivers and the relationship between driver and customer in

B2C last mile delivery.
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Literature review: Operational challenges in last mile delivery
The literature focused on optimizing the activities within last mile delivery by primarily adopting
analytical models to address efficiency issues related to new challenges in last mile delivery. As
demand for the last mile delivery service has increased, Paradiso et al. (2020) proposed an exact
solution framework to solve multi-trip vehicle-routing in last mile delivery with instances up to 50
customers, as compared to previous models that could not consistently find an exact solution with
more than 25 customers. Relatedly, Stroh et al. (2022) designed delivery systems planned to face
time pressure for same-day delivery and uncertainty in level of order variability. Further, Hsiao et
al. (2018) formulated a model to address time pressure related to short time windows and cold
chain perishable items in last mile delivery, a problem that reflects the trend related to delivering
groceries from the physical store (Delasay et al., 2022). Finally, recent research looked at the key
role of delivery drivers in route-optimization problems. Liu et al. (2021) found that drivers’
decision-making often deviates from the optimal route due to factors that the dispatching algorithm
cannot observe, for example, traffic or weather conditions. In turn, this affects predictability of
service time and uncertainty of last mile delivery, thus suggesting that algorithms should be
integrated with operational data to consider the learning behavioral aspects of last mile delivery.
Lu et al. (2020) and Lu, Suzuki, and Clottey (2022) studied the effective use of last mile delivery
drivers’ helpers and hybrid drivers to improve cost saving, driver time reduction, and delivery
performance.

The literature has also explored innovations in last mile delivery by looking at
implementing new delivery modes and integrating new delivery technologies to improve
performance (Behnke, 2019; Na, Kweon, & Park, 2021; Dolan, 2022). Among new delivery

technologies, delivery drones have received much attention in the literature. Perera et al. (2020)
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analyzed the integration of delivery drones on an extant retailer’s logistics, finding that increases
of delivery speed is contingent upon the maturity of this technology usage. From this perspective,
Maghazei, Lewis, and Netland (2022) conduct a longitudinal study to assess that drone delivery
adoption is not a technology that follows a linear logic, instead it is governed by a dynamic
interaction between the technological offer and the market demand to explore meaningful usage
of the technology. Finally, Merkert, Bliemer, and Fayyaz (2022) identified consumers’ preferences
toward drone delivery as compared to traditional postal delivery, finding that customers positively
evaluate the economic and operational advantages of drone delivery (e.g., cheaper and faster) but
identify safety issues of the drop-off points. Another technology adopted in last mile delivery is
the autonomous vehicles (AV). Reed et al. (2022) studied the integration of AV in last mile
delivery operations, finding that AVs can reduce the total delivery time due to shorter operational
times and increased capacity.

In addition to innovations in last mile delivery, prior literature also includes initiatives to
improve performance based on the usage of delivery information to determine the optimal location
and time window (Kull, Boyer, & Calantone, 2007). This reflects the need to improve performance
and customer outcomes by leveraging data science to accurately predict customers’ location and
avoid failed deliveries (Praet & Martens, 2020), as well as a correct estimation of promised
delivery time while maximizing retailer’s outcomes. Other initiatives include improving
environmentally sustainable deliveries by understanding customers’ preferences for green time-
window deliveries (Agatz, Fan, & Stam, 2021), consolidating drop-off points through parcel
lockers (Wang, 2018; Lyu & Teo, 2022; Seghezzi et al., 2022), and eventually removing the last

mile by encouraging consumer-pick-up at the store through self-collection (Huibner, Kuhn, &
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Wollenburg, 2016; Li et al., 2018; Wollenburg et al., 2018; Wang et al., 2019a, 2019b; Lim et al.,
2021).

Finally, the literature has looked at the delivery driver as a key resource. Specifically, this
body of literature focused on driver familiarity with the delivery zone (in B2C) or a specific
customer (in B2B). Driver familiarity increase service performance by reducing the service time
(Zhong et al., 2007; Smilowitz et al., 2013). Indeed, the driver gains more experience in activities
such as finding the address, parking, using shortcuts and alternative routes, and addressing the
common issue of customers’ missed deliveries (Schneider, 2016; Lyu & Teo, 2022; Seghezzi et
al., 2022). Familiarity also reduces task complexity and reduces drivers’ errors during delivery
(Miller, Schwieterman, & Bolumole, 2018; Payyanadan, Sanchez, & Lee, 2019; Choi, 2020).
Finally, driver familiarity also increases customer outcomes. Over multiple trips to the same
customer, drivers establish a relationship with the customer and learn how to serve the customer
best (Keller, 2002; Bode, Lindemann, & Wagner, 2011)

Overall, this literature does not fully explore the key role of driver familiarity in the
crowdshipping context. Despite the delivery task being trivial, familiarity with the delivery zone
offers improved service time, driver performance, and customer outcomes for on-demand delivery
service. The experience of the crowdshipping driver is a competitive factor determining the
success of the delivery (Mao et al., 2019, 2022). Hence, this study investigates how such learning
experience influence delivery outcomes over time.

Theoretical background
We adopt logic from the body of knowledge on learning in service systems (Bimpikis & Markakis,
2019). This knowledge assumes that a service system processes tasks that may be heterogenous,

utilizing servers with different skills that do not know the exact task type (Bimpikis & Markakis,
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2019). Organizations optimally allocate resources in these service systems to match the task and
the server’s characteristics. For example, complex tasks are assigned to highly skilled healthcare
professionals. Once the server is assigned to the task, he/she forms his/her beliefs about the task
difficulty depending on whether the task was successfully completed. In addition, upon performing
the task, he/she acquires knowledge and improves his/her learning relative to the task. Learning
can assume the form of reducing the time required to complete a task while improving quality
(Arlotto, Chick, & Gans, 2014). As servers are assigned to a multitude of tasks, they grow their
experience and familiarity. This is supported by a worker’s learning-by-doing, which suggests that
as workers engage in multiple and different tasks, they gain experience that could be applied to
other tasks (Staats & Gino, 2012). Indeed, being exposed to task variety initially increases the
learning curve but eventually aids workers in applying the acquired knowledge to other tasks
(Shafer et al., 2001; Staats & Gino, 2012). However, this logic does not account for the
crowdshipping server’s self-selection (Bimpikis & Markakis, 2019).

In crowdshipping, a driver engages in delivering an order based on a self-selection
mechanism that allows the driver as an independent contractor to choose the task to perform. Thus,
while the service system can provide service tasks, the crowdshipping driver ultimately decides
whether or not to perform the delivery. This has important consequences for the delivery task. On
the one hand, crowdshipping implies random service capacity, potentially decreasing the service
quality (Benjaafar & Hu, 2020). On the other hand, delivery drivers can gain experience relative
to a specific type of delivery task. In such cases, it is the driver, and not the platform (service
system), to assign hard tasks to him/herself, without the mediation of the crowdshipping platform.
Gaining experience over a task delivery results in increasing familiarity with the task (Gligor &

Maloni, 2022). In the following, we develop our hypothesis focusing on the learning opportunity
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related to driver’s familiarity, and how familiarity impacts delivery outcomes. Figure 14 reports

the theoretical model of this study.

Delivery type Urban

repetition delivery

Driver- o Delivery
customer performance
familiarity (Tardiness)

Figure 14 — Theoretical model essay 2

Hypotheses development

The impact of driver’s familiarity on Delivery time performance

Delivery on-time performance refers to the timely delivery (Mentzer, Flint, & Kent, 1999; Akturk,
Mallipeddi, & Jia, 2022). When a service provider perform a delivery task, he/she experiences
several operational challenges that increase the service time, including finding the address,
parking, and delivering to the desired destination (Liu et al., 2021). Once the delivery is completed,
the driver creates experience and learns the characteristics and details of the specific delivery task.
Over time, the driver performing the same delivery task acquires greater familiarity, which results
in a greater level of comfort with the amount of service time needed for completion (Smilowitz et
al., 2013), greater safety in the driving behaviors (e.g., no speeding) (Miller et al., 2018;
Payyanadan et al., 2019), as well as faster in-site operations (Schneider, 2016). Hence, the more
familiar is the driver with a delivery zone, the faster he/she can deliver to all customers in the

delivery zone (Smilowitz et al., 2013). Thus, we expect that:
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Hypothesis H1: Driver’s familiarity is positively associated with delivery time performance. A
higher number of instances of repeating the delivery task to the same customer decrease tardiness.
The moderating role of delivery type repetition

Cameron (2022) studies driver behaviors in service delivery, finding that crowd drivers
either engage in a relational game in which they likely interact with customers to maximize the
chances of tipping, or an efficiency game in which drivers maximize their utility by dedicating
only to deliver packages, limiting the interaction with customers. Over time, drivers specialize in
one of the two games and express preferences toward delivery tasks corresponding to a relational
or efficiency game. Crowdshipping delivery tasks can either be attended or unattended (Lim &
Srai, 2018). A driver performing either one of the two will become more familiar with the
characteristics of the task. That is, repeated unattended delivery tasks will increase the chances of
performing better when delivering, indeed, an unattended delivery. Conversely, a new delivery
task of another type (attended) will decrease the performance of the driver. A similar logic holds
for attended deliveries. Thus, a greater driver’s fit to the task will likely moderate the direct effect
of driver familiarity on delivery outcomes (Venkatraman, 1989). Hence, the driver will increase
the delivery outcomes when the delivery is consistent with prior delivery characteristics. Thus, we
expect that:
Hypothesis H2: Delivery type repetition moderates the relationship between driver familiarity and
delivery outcomes. That is, the higher number of repeated deliveries with the same characteristics,
the stronger is the effect of driver familiarity on delivery time performance.

Finally, the delivery area influences a driver’s capability to acquire familiarity with the
delivery task. A major difference between urban and rural deliveries is that in rural areas, drivers

are often repeatedly assigned to the same delivery route, whereas in the urban context, delivery
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drivers can be alternatively assigned to the core of the urban center or to the suburban areas (Rose
et al., 2016, 2019, 2022). In addition, the delivery task in urban contexts may present higher
uncertainty due to infrastructural complexities and higher levels of traffic and congestion (Rose et
al., 2019). Uncertainty in the task decreases the chances of learning (Bimpikis & Markakis, 2019).
Consequently, delivering in rural areas allows drivers to gain greater familiarity with a specific
delivery task. In addition, drivers can decrease errors in rural areas as compared to urban contexts
(Awaysheh et al., 2021). Finally, in urban contexts, the learning process may take longer given the
difficulty of the task (Bimpikis & Markakis, 2019). Hence, a delivery task performed in urban
contexts not only makes the learning process longer and more difficult, but errors and uncertainties
may flaw the delivery performance. Thus, we expect that:

Hypothesis H3: Delivery characteristics related to delivery area moderate the relationship
between driver familiarity and delivery outcomes. That is, a delivery task performed in an urban
context mitigates the positive effect of driver familiarity on delivery time performance.

Empirical Setting and Data

Data description

We empirically investigated these hypotheses by compiling a dataset from multiple sources. First,
we retrieved delivery operational data and driver outcomes data from a Fortune 100 retailer
(hereafter called Alpha). The retailer has launched its white-label crowdshipping platform, which
performs home deliveries from the retailer’s stores using crowdsourced drivers. Upon being pinged
from the retailer for home deliveries, the crowdshipping platform broadcasts the offer for the

delivery task through the Driver App, where the offer is visible to a set of drivers assigned to a
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driver zone®. The offer includes details related to the compensation, the pre-tipping, the delivery
type, the number of orders included in the delivery task, the total of miles that a driver would drive
to perform the task (i.e., from the store to the final drop-off), as well as the store and customers’
address. Upon accepting the task, the Driver App provides GPS navigation instructions to arrive
at the pick-up point and drop-off the orders at the customer’s destination.

Alpha shared a raw dataset covering three months (February to April 2022), and containing
approximately ~7 million customers’ orders. The dataset includes detailed information about the
characteristics of the order, customers, and drivers. The dataset reports several time stamps
capturing the hour, minute, and second of the delivery operations for the order i, including order
delivered (orde;), which refers to the timestamp of when the driver delivered the order, and
delivery time window end (de;), which refers to the planned delivery time for a specific order.
This dataset also includes the delivery type for each order (expedited, standard, regular), as well
as the geo coordinates (latitude and longitude) of each drop-off location, as well as information
relative to the store that dispatched the delivery task, including store id and complete address.

Second, we manually retrieved publicly available data from Alpha’s website about stores
that dispatched a delivery task. Specifically, we downloaded data on stores’ id, type, and exact
addresses. Alpha sorts stores dispatching a delivery task into different” types, based on the
dimension of the store. The exact address includes street name and number, 5-digit zip code, town,
and state. Next, we built a custom program to extract the geographical coordinates (i.e., longitude
and latitude) from each store address. Following current literature (Belo, Ferreira, & Telang, 2014;

Belenzon, Chatterji, & Daley, 2020; Barrios, Hochberg, & Yi, 2022), we employed Google Maps

& As common in crowdshipping (Guda & Subramaniana, 2019; Tripathy, Bai, & Heese, 2022), the platform assigns
drivers to a driver zone, which serves the stores located in at least one zip code (i.e., the same zone may serve multiple
zip codes).

7 For confidentiality reasons, the number of drivers, stores, zip codes, delivery zones, and store types are not disclosed.
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Geocoding application programming interface (API), which is a Google Cloud Platform powered
by Google Enterprise API, that converts between addresses and geographic coordinates. The
platform library provides an XML file to automate the search for coordinates from the specified
address and guarantees complete integration with Microsoft Excel. Among the advantages of this
API is the correction of small variations in spelling (misspelling) between the manually retrieved
and the actual address, allowing to find the geocoordinates when there is a close match (Belenzon
et al., 2020). We manually checked a sample of these conversions to ensure the precision of the
conversion, without finding any unreasonable matching (Belenzon et al., 2020). Finally, we
matched this and Alpha datasets through store id. Hence, using the geocoordinates of drop-off
locations (from Alpha) and of store locations (from Google), we computed the store-drop-off
distance, expedited in miles, using geodist function in STATAL7. This function computes
ellipsoidal distances (i.e., “the length of the shortest curve between two points along the surface of
the mathematical model of the earth WGS 1984 datum” (Picard, 2022) — the same used by Google
Earth) using Vincenty (1975)’s equation (Picard, 2022) A limitation is that geodist computes the
actual distance, not the travel distance. However, the nature of the dataset being limited to local
store-to-home deliveries allows to reasonably assume that g,, and travel distance are similar and
strongly correlated.

Third, we retrieved data relative to the categorization of Urban areas from the most recent
classification of US Census Bureau based on the 2020 decennial census (US Census Bureau,
2022). The Census Bureau defines urban areas based on housing unit density measured at the
census block level, with a minimum qualifying criteria of 2,000 housing units or a population of
5,000. The delineation process applies three housing unit densities: initial urban core of at least

435 housing units/m?, remainder of urban area of at least 200 housing units/m?, and at least one
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high density nucleus of at least 1,275 housing units/m? (US Census Bureau, 2022). This
classification has been used in prior literature investigating urban street networks (Boeing, 2020),
ridehaling and traffic (Barrios et al., 2022).

Data cleaning

Before performing the main analyses, we cleaned the dataset following best practices of recent
literature investigating similar contexts (Farber, 2015; Miao et al., 2022). First, we removed
incomplete or erroneous observations and outliers for all the variables of interest. Specifically, we
removed (1) orders with missing timestamps, (2) orders delivered by drivers whose age was below
21 and above 718, (3) erroneous observations with total travel distance longer than 21 miles® (4)
erroneous observations of ordered delivered before 6 AM and after 10 PM™. In the end, 6,963,868
observations were retained as final sample. The unit of analysis of this study is at the single-order
level.

Variables construction

We computed the outcome variables and predictors following theory, prior literature, and best
practices. Table 13 reports the descriptive statistics, and Table 14 reports the correlations. The unit
of analysis is at order level. This allows to determine the increasing driver familiarity throughout
the dataset, as well as determine the impact of familiarity for the driver-customer dyad outcomes

(tardiness for both, customer rating, driver retention).

8 These thresholds result from symmetrically winsorizing driver age at 99%, align with prior literature investigating
similar contexts (i.e., crowdshipping) (Ta, Esper, & Tokar, 2021), and are motivated by federal regulations on alcohol
delivery, which may create unnecessary noise in the dataset (e.g., a 18 years old driver may not be given the choice
of a delivery task of orders including alcohol delivery.

% This threshold result from symmetrically winsorized distance traveled at 99%, which produces an average distance
traveled of 4.3 miles (SD = 4). This aligns with prior literature investigating similar context (i.e., crowdshipping), for
example, (Miao et al., 2022) average trip distance was 11km (~7 miles), and (Castillo et al., 2022b)’s netnography
report drivers performing between 7 and 10 miles.

10 Alpha provides the delivery service from 7 AM to 9 PM.
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Table 13 — Descriptive Statistics

Variable Mean SD Min Max  Source
1) Tardiness (minutes) 7.17 21.86 0 125 (Atan et al., 2016)
2) Driver-Customer familiarity 1.13 0.49 1 45 (Smilowitz et al., 2013)
3) Delivery type repetition 0.04 0.2 0 1 (Ibanez et al., 2018)
(4) Urban 054 05 0 1
(5) Customer distance from store (miles)” 3.48 2.25 0.29 9.64 (Akturk & Ketzenberg, 2022)
(6) Customer subscription delivery service 0.69 0.46 0 1 (Wagner, 2021)
@) Order size 19.67 2237 1 1212 (Liuetal., 2021)
(8) Expedited 0.06 0.23 0 1 (Peinkofer, 2020)
9) Driver satisfaction 0.99 0.11 0 1 (Blaseg, 2020)
(10)  Driver fatigue 6.38 5.99 1 561 (Ergilin-Sahin et al., 2022)
(11)  Driver restart 0.25 0.43 0 1 (Ibanez et al., 2018)
(12)  Driver age (years)" 4231 11.05 21 71 (Ai etal., 2023)
Note: * The variable was symmetrically winsorized at 99%.
Table 14 — Correlations
Variable (2) (3) 4 (5) (6) (7
(1)  Tardiness (minutes)
(2)  Driver-Customer familiarity -0.04 1.00
(3)  Delivery type repetition -0.04™ 0.65™" 1.00
4) Urban -0.01 0.02 0.02 1.00
(5)  Customer distance from store 0277  -0.05™  -0.05™  -0.07" 1.00
(6) Customer subscription delivery
service -0.16™" 0.12" 0.11™ 0.02™  -0.24™ 1.00
(7)  Order size -0.16™" 0.02"* 0.03"™" 0.01™  -0.27™ 0.23™" 1.00
(8) Expedited -0.07™ 0.01™ 0.01™" 0.02™  -0.12" 0.05™" 0.03™
(9)  Driver satisfaction -0.02™ 0.01™" 0.01™" 0.00 -0.00 0.01™  -0.01™
(10)  Driver fatigue 0.07" 0.02 0.0 -0.00"" 0.11™  -0.09™  -0.13™
(11) Driver restart -0.10™  -0.00™" 0.00 0.00™  -0.19"" 0.11™ 0.13"™
(12)  Driver age (years)” -0.03™" 0.04™" 0.04™  -0.01™ -0.01" 0.02™" 0.01™"
(8) (©)] (10) 1) (12)
(8) 1.00
9) -0.00™" 1.00
(10) -0.06™" 0.01™" 1.00
(11)  0.04™ -0.01™" -0.20™"
(12) -0.00™" 0.01™ 0.04™ -0.03™ 1.00

Note: "p<.1™p<.05™ p<.01

The delivery performance reflects the on-time performance related to the delivery. We refer

to the delivery performance using Tardiness. Tardiness is computed as a function of lateness and

counts the number of minutes of delay an order has accumulated (Atan et al., 2016). For the order

i, we operationalized Tardiness as follows;

Tardiness; = max (0, Lateness;)
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Where Lateness is the time elapsed between the actual delivery time stamp and the time stamp
indicating the end of the delivery window (Thirer et al., 2015; Thurer, Fernandes, & Stevenson,
2020).

The independent variable, driver familiarity (FAM), refers to the number of times a driver
performed the delivery to a specific customer. The dataset allows matching the ID of the driver
completing the order delivery with the 1D of the customer receiving the delivery. Hence, following
prior literature (Smilowitz et al., 2013), for the driver r delivering to the customer c¢ the order i,

FAM,..; was computed as follows:

Where n,.; denotes the ith order delivered by the driver r to the customer c. Greater values of
FAM,..; express higher driver’s familiarity delivering for the specific customer.

The moderator Delivery type repetition was captured using a dummy variable taking a
value of 1 if the delivery type (unattended) performed to a customer was the same as the last
delivery completed to the same customer, O otherwise. This operationalization follows prior
literature (Ibanez et al., 2018), and reflects the learning experience of the delivery drivers, who can
build delivery capabilities through learning.

The second moderator delivery characteristics in urban vs rural was captured using a
dummy variable taking a value of 1 if the delivery area occurred in an urban context, 0 otherwise.
We defined urban areas following (US Census Bureau, 2022), the most recent classification based
on the 2020 decennial census.

We also include a set of control variables. First, we computed a set of control variables

relative to the customer, namely the distance from the customer’s residence to the store that
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dispatched the order (Akturk & Ketzenberg, 2022), and whether the customer has subscribed to
Alpha delivery service (Wagner et al., 2021). Next, we control for the order characteristics by
including order size expressing the number of items in the order (Liu et al., 2021), and an indicator
of an expedited delivery (Peinkofer et al., 2020). In addition, we included controls relative to the
delivery drivers, such as age (Ai et al., 2023), driver satisfaction as a thumb-up measure (Blaseg
et al., 2020), driver fatigue computed as the cumulative number of orders a driver delivers on a
given day (Ergiin-Sahin et al., 2022), and driver restart which determines is order i was the first in
a day for the driver (Ibanez et al., 2018). Finally, we included fixed-effects for month, day of the
week, clock hour of the day, and store type.

Results

Preliminary analysis

Prior to the analysis, we carefully review the distribution of the dependent variable and prior
literature to select the best estimation model for each dv. In addition, following best practices
(Aiken, West, & Reno, 1991) and common procedures in the operations management literature
(e.g., Kim & Zhu, 2018; Amengual & Apfelbaum, 2021; Delfgaauw et al., 2022), in estimating
the effect of interactions between continuous independent variables, prior to the empirical analysis,
we mean-centered the focal predictors.

Estimation Models and Results

To test the hypothesis with Tardiness as dependent variable, we adopted a Poisson regression
model because Tardiness presents a Poisson distribution. H1 predicted a positive relationship
between Driver-Customer Familiarity and Delivery Time Performance, hence a negative
relationship with Tardiness. We tested this hypothesis as follows:

(17) Pr(Tardiness; = s|X;) = Poisson(a + BFAM,..; + BI; + ¢;)
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Where T is the vector of independent variables, B is the vector of coefficients, and ¢; is the error
term clustered on driver ID to reduce potential source of heteroscedasticity. I;B is specified as
follows:
(18) I; = yo + y1DistStore, + y,Agey + y3Sub. + y,DistStore, + ysSize; + y¢Exp; +
ysFatigueg + yoisstore;s + YioimMOnthiy, + Y11iwd0Wyy, + Viainhhin

Results in Table 15 (Model 1) show a negative significant coefficient of Familiarity on
Tardiness (= -0.150), supporting H1. For an additional unit of familiarity (i.e., an additional order
that the driver delivers to the same customer), Tardiness reduces by approximately 14%. Next, we
tested H3a and H4a relative to the moderation effects of Delivery type repetition and Urban, by
utilizing the same Poisson regression estimation model but including the two moderators and the
interaction terms into the equation. Results in Table 15 (Model 2) show a negative direct effect of
Delivery type repetition but a positive effect of Urban on Tardiness, and the interaction terms in
Model 3 suggest differential moderation effects. Specifically, H3 predicted that a driver repeating
the same task would enhances the positive effect of familiarity on delivery time performance. We
found that when drivers repeat the same type of delivery for a customer, tardiness decreases, but
as a driver become more and more familiar with the customer, the differential effect between
repeating the same delivery task and performing an alternative task type decreases. Figure 15
suggests a 1.5 minutes of difference between a repeated vs unrepeated task. H4 predicted that
deliveries in Urban context were more challenging for delivery drivers, hence mitigating the effect
of familiarity on tardiness. Figure 16 suggests that at low levels of familiarity, delivering in the
urban context presents higher levels of tardiness, but as a driver becomes more familiar with
delivering to a customer, the delivery area does not seem to play a role (i.e., the two curves seem

to converge). Hence, we find support for H4.
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Table 15 — Poisson Regression: The effect of Familiarity, Delivery type repetition, Repeat urban,
and Interactions on Tardiness

1) @) ®)
Tardiness Tardiness Tardiness

B se B se B se
Distance from store 0.215™ (0.001) 0.215™ (0.001) 0.215™ (0.001)
Driver age -0.001™" (0.000) -0.001™ (0.000) -0.001™ (0.000)
Customer subscription -0.383"™ (0.003) -0.382"™ (0.003) -0.382"" (0.003)
Order size -0.023"" (0.000) -0.023"" (0.000) -0.023™" (0.000)
Expedited -1.760™" (0.018) -1.761™ (0.018) -1.761™ (0.018)
Driver fatigue 0.005™* (0.001) 0.005™ (0.001) 0.005™ (0.001)
Store fe YES YES YES
Month fe YES YES YES
Delivery day of the week fe YES YES YES
Delivery hour fe YES YES YES
Familiarity -0.150™" (0.005) -0.110™ (0.005) -0.118™" (0.008)
Delivery type repetition -0.158™ (0.010) -0.218™ (0.015)
Urban 0.043™** (0.005) 0.042" (0.005)
Repeat unattended x 0.064™ (0.011)
Familiarity
Urban x Familiarity -0.019" (0.009)
Constant 3.440™ (0.126) 34177 (0.126) 3.415™ (0.126)
a 336473.083 338124.767 338289.853
Pseudo-R2 0.297 0.298 0.297
N 6,963,868 6,963,868 6,963,868

Note: *p < 0.1, "p <0.05, ™ p <0.01, ™ p <0.005, ™™ p < 0.001; Reported robust standard errors are clustered on driver ID.

6.5

Tardiness
6
1

515]

1

45

T T T T
0 1 2 3
Driver-Customer Familiarity

Figure 15 — Interaction between Driver-Customer Familiarity and Repeat Delivery Type (Table 15
Model 3)
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Figure 16 — Interaction between Driver-Customer Familiarity and Urban (Table 15 Model 3)

To assess the robustness of these estimations, we performed a series of robustness checks
(Appendix B). First, we addressed endogeneity relative to the estimation model, by performing the
same analysis but replacing the dependent variable Tardiness with a binary variable Delivery
Performance, taking 1 if the order was late, 0 otherwise, and adopting a Logit Regression.
Estimations reported in Table 38 show consistent results. Next, we performed the same analysis
of Table 15, but including an additional control variable (Restart), which is an indicator taking 1
if order i was the first in a given day for the driver. Prior literature discusses the importance of the
warm-up effect that a worker may suffer on the first task of the day (lbanez et al., 2018).
Estimations included in Table 39 report similar results.

Discussion

This set of results suggests that familiarity plays an important role in crowdshipping deliveries
time performance, but the positive effect of familiarity on delivery time performance is affected
by unattended deliveries and urban context. Results reports that the learning effect relative to the

delivery type is contingent upon delivering to a specific customer. Indeed, when a driver performs
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the same delivery type toward the same customer, deliveries present a better delivery time
performance. This is especially important for unattended deliveries, which are inherently more
difficult for delivery drivers, who occasionally fail unattended deliveries due to the greater
complexity of finding reception boxes or customers’ address (Lim, Wang, & Webster, 2023;
Olsson, Hellstrom, & Vakulenko, 2023). Conversely, urban deliveries present drivers with
challenges that only familiarity seems to address. Hence, traffic, congestion, limited parking, and
more chances for human errors (Osterle et al., 2015; Rose et al., 2019; Dayarian & Savelsbergh,
2020; Awaysheh et al., 2021), decrease the time performance especially at low levels of driver-
customer familiarity.

These results contribute to prior literature and theory in many ways. First, we contribute to
the literature on driver’s familiarity by determining its impact in the crowdshipping context, and
address recent calls for a greater understanding of how driver’s knowledge of a service area or of
customers’ needs improve delivery performance (Mao et al., 2022). While prior literature
investigated how crowdshipping driver familiarity influence customer purchasing behaviors (Mao
etal., 2019), to the best of our knowledge this is the first study that matches crowdsourced driver’s
familiarity with a customer, and determine the operational performance for the single delivery.
This is important because we provide additional evidence that expands the scarce literature in
crowdshipping deliveries. Next, we also contribute to the body of literature studying
crowdshipping driver’s preferences relative to a delivery type. Cameron (2022) suggests that
drivers improve their performance as they develop a preference for a specific delivery type. We
found that the learning experience is valuable for a driver and improves performance only when
the driver becomes more familiar with the customer and with the delivery type. Finally, we also

contribute to the rising literature discussing delivery performance in urban deliveries (Rose et al.,
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2019; Dayarian & Savelsbergh, 2020; Castillo et al., 2022a), and address recent calls for research
focusing on how crowdshipping models work in urban vs rural areas (Ta et al., 2023). We expand
this literature by comparing the performance of crowdshipping in rural vs ruban areas. Ermagun,
Shamshiripour, & Stathopoulos (2020) found that crowdshipping in urban areas present greater
performance because urban areas, with greater density and chances of vehicle ownership, ensure
drivers capacity. In contrast, we found that delivering in urban areas present lower time
performance.

We also offer additional evidence to inform the theoretical gap in the literature
investigating workers’ task familiarity (Shafer et al., 2001; Staats & Gino, 2012; Bimpikis &
Markakis, 2019). On the one hand, exposing servers repeatedly to the same task decreases the
learning curve, increases delivery performance but worsens server’s performance on other tasks
(Haughton, 2008; Mao et al., 2022). On the other hand, exposing servers to task variety increases
the learning curve but servers can use the acquired knowledge on other tasks (Zhong et al., 2007).
Our results align with the former. Familiarity with a customer decreases the learning curve and
improve performance, and, an exposure to task variety does not seem to improve the delivery
performance.

Finally, managerially, we provide evidence that matching drivers to customers improve the
platform’s operational performance. Specifically, we found that for an additional delivery that a
driver performs to a specific customer, lateness reduces by 14%. In a context where the driver
selects the task without prior knowledge of whom the order is to be delivered, we recommend the
platform to consider matching drivers to the same customer or a set of customers. Familiarity can
also address the challenges related to unattended deliveries and urban logistics. While unattended

deliveries present benefits related to longer delivery windows, a more efficient delivery planning,
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and lower failed delivery rate (Olsson et al., 2023), the actual service provision present difficulties
for the driver related to missing customers’ presence. First, during attended deliveries, drivers
typically know that customers are waiting their order at the final destination. Hence, drivers may
be motivated to improve their on time performance. Second, the dropping-off, especially in urban
areas, may require additional time and extra effort of a driver when the delivery is unattended. For
example, a driver may find difficulties related to accessing a building and finding the correct front
door due to the building policies (Kaysen, 2023). To address these issues, Amazon offered
customers incentives to adopt Key devices that grant drivers access to the lobby (Hamilton, 2021).
Limitations and Future Research

As for any empirical research, this study also presents limitations. First, we recognize the
limitations of using a dataset from a single industry partner. Although this allows to remove the
variance affected by idiosyncrasies across companies, hence cleaner results (Lu, Lee, & Son,
2022a), and we complemented the dataset with publicly available data, the truncated dataset does
not allow to observe the whole lifespan of drivers and customers outside the time period. We
encourage researchers and practitioners to cautiously interpret the conclusions of this study.
Second, we acknowledge that monetary incentives may be affecting the delivery driver
performance and driver retention (Castillo et al., 2022b). While we control for the number of
deliveries completed by a driver on a given day, elements such as customer’s tip or overall
remuneration may be factors determining, besides familiarity, improvements in the dependent
variables. Thus, we encourage future research to explore the combined effect of driver’s familiarity
and monetary incentives on, for example, determining the delivery time performance of a driver
for attended deliveries. Finally, we acknowledge the limitations of some variables

operationalizations, such as the binary variable Urban deliveries. While we identified urban areas
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adopting the U.S. Bureau official list of urban areas, crowdshipping platforms may follow other
categorizations and share urban areas in multiple delivery zones. Future research could investigate
how familiarity with delivery zones, instead of familiarity with a customer, could improve the
performance of the driver.
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IV. Essay 3: Addressing consumers’ preferences in last mile delivery: The impact of
delivery time performance and order characteristics on customer outcomes

Introduction
Meeting customers’ expectations on last mile delivery service has become important to improve
customer outcomes (Daugherty et al., 2019). Customers expect retail supply chains to provide this
service at their convenience, with timely, quick, and punctual deliveries (Gawor & Hoberg, 2019;
Mangiaracina et al., 2019). A timely — on-time — delivery is a critical component of the online
shopping experience, because customers assess the value of purchasing from a retailer (Rao,
Goldsby, et al., 2011; Wan et al., 2016; Akturk et al., 2022). Delivery speed — the interval between
a customer’s order and the delivery, is an essential service component of customer satisfaction (M.
Fisher et al., 2015). Hence, retailers offer several delivery speed options to win online customer
orders, such as expedited delivery, same-day delivery, and next-day delivery (Ishfaq et al., 2016;
Peinkofer et al., 2020; Stroh et al., 2022). Finally, delivery punctuality, defined as receiving the
package within an established delivery time lapse (Mangiaracina et al., 2019), is highly valued by
consumers, yet it becomes problematic due to customized delivery windows, which represents a
constraint when planning last mile deliveries (Xing et al., 2010; Lim & Winkenbach, 2019;
Nguyen et al., 2019; Praet & Martens, 2020). Thus, providing a delivery service that meets
customers’ expectations has become increasingly relevant (Zimmermann et al., 2020). However,
despite its importance, research has yet to unveil the impact of last mile delivery performance on
actual customers’ behaviors (Ketchen et al., 2021).

A growing body of supply chain and operations management literature has investigated
customers’ expectations on the order fulfillment process and last mile delivery. A stream of

literature investigated how customers’ expectations relative to the physical distribution service
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quality shape customers outcomes, for example, satisfaction and repurchase intentions
(Rabinovich et al., 2008; Davis-Sramek et al., 2010; Rao, Griffis, et al., 2011; Rao et al., 2014).
Related research built on this knowledge by investigating how the forming of expectations toward
the physical distribution service quality depends on the order characteristics, for example, the
selected product category (Thirumalai & Sinha, 2005; Wan et al., 2016; Nguyen et al., 2019),
distribution channel (Murfield et al., 2017), and the delivery carrier (Esper et al., 2003; Tokar et
al., 2020). Findings from this literature confirm that customers expect a reliable, fast, and timely
delivery service and express preferences based on the perception of the expected delivery service
quality.

More recently, the literature has studied how last mile delivery operational performance
influences final customers' experience. Traditionally the literature focused on delivery lateness
(Rabinovich & Bailey, 2004). However, recent research has expanded to delivery earliness as
another operational factor that positively shapes customers’ experience. Specifically, Salari, Liu,
and Shen ( 2022) found that customers are sensitive to the retailer’s promise of real-time delivery
time. Akturk et al. (2022) emphasized the importance that not only a late delivery negatively
influences customer outcomes, but also an early delivery positively impacts customers outcomes.
These conclusions are supported by a body of literature suggesting that early delivery is a gain for
customers and late delivery a loss for customers (Tereyagoglu et al., 2018). In this study, we
consider delivery punctuality as an additional factor influencing customers’ outcomes. In the
context of this study, delivery punctuality occurs when the delivery is within the promised time
delivery window (Boyer et al., 2009; Mangiaracina et al., 2019). Studying punctuality in addition
to earliness and lateness is important from an operational perspective and from a customer

perspective. Crowdshipping platforms plan deliveries based on the delivery time window. An early
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delivery, as late delivery, signifies a deviation from the order fulfillment process, and inaccuracy
in operations that in the B2B context often results in inefficient operations and dissatisfied
customers (Peng & Lu, 2017). From a customer perspective, theory and prior studies suggest that
early deliveries do not have a strong positive impact on customer satisfaction, not as strong as the
negative impact of late delivery. Indeed, (Mittal et al., 1998) describe the asymmetric effect of
positive vs. negative attribute-level performance on customer outcomes, finding that customers
remember less a positive performance as compared to a negative one. In addition, in last mile
delivery context, (Mao et al., 2019) found that a late delivery has a much stronger negative effect
on customers’ outcomes than the positive effect of an early delivery. Thus, we examine how the
delivery time performance within the delivery window influences the customer experience and
outcomes. The first research question is RQ1: How does delivery time performance impact
customers’ outcomes?

While meeting the delivery window is crucial for customers’ outcomes (Boyer et al., 2009),
setting customers’ expectations before the delivery takes place is equally important (Cui, Sun, et
al., 2020). Customers may anchor their expectations relative to promised time (Salari et al., 2022).
In this sense, the delivery window's length-the service window's length (Stroh et al., 2022),
influences customers' expectations. Indeed, a short delivery window is more convenient for
consumers than a long one, as consumers must spend less time at home waiting for the delivery
(Nguyen et al., 2019). This is gorunded on Berry, Seiders, and Grewal (2002)’s logic on service
convenience relative to consumers' time and effort. However, a longer delivery window creates
flexibility in route planning and minimizes logistics costs for firms (Campbell & Savelsbergh,
2005; Boyer et al., 2009). In a similar fashion, the type of service the customer requests also

impacts the expectations. For example, the request of an expedited delivery service, or the request
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to choose a specific delivery window (sort of a delivery appointment), will shape customers’
expectations. And the retailer’s shipping speed promise contributes to shaping the expectations
(Cui, Sun, et al., 2020). Thus, it is important to understand how the delivery window and the type
of requested service shape customers’ expectations relative to the delivery and the effect of the
delivery performance relative to the expectation. Thus, the second research question of this study
is RQ2: How do customers’ expectations moderate the relationship between delivery time
performance and customer outcomes?

We inform these research questions by adopting the key tenets of expectancy
disconfirmation theory (EDT) and prior literature on service convenience and service experience.
EDT states that customer outcomes result from the difference between the expectations of the
provided service and the evaluation of the actual performance (Oliver, 1977, 1980). Based on this
theoretical approach, we hypothesize that a decrease in operational performance will negatively
affect customer outcomes and that customers’ expectations moderate the relationship. While EDT
typically focuses on the interplay between ex-ante expectations and ex-post evaluation, this study
also extends EDT by assessing the role of time perception and service affect expectations and
performance.

Similarly to prior literature that investigated customers’ outcomes over a period of time
(De Vries et al., 2016; Mao et al., 2019), we empirically investigate the research questions using a
dataset comprising customers’ transaction data over a three-month period. Research often relies
on a multi-period dataset reporting transactional data to study customer behaviors over time. This
is important because customers form expectations on a service delivery through accumulated
experience (Zohar et al., 2002), because customers select retailers based on their past shopping

experiences (Cui, Li, et al., 2020), and because customers’ sensitivity to changes in delivery
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service quality is contingent upon their experience with the service (M. Fisher et al., 2019).
Specifically, we retrieved an archival dataset from a Fortune 100 retailer comprising
approximately 14 million transactions with 5 million customers over three months.

The study aims to offer theoretical and managerial contributions. First, this study extends
the literature on last mile delivery and addresses recent calls for empirical research on assessing
actual customers’ behaviors (Ketchen et al., 2021). Second, this study extends EDT by identifying
the time boundary conditions affecting customers’ outcomes. Finally, investigating such boundary
conditions holds important consequences at the operational level. First, although prior literature
investigated the key role of labor planning on crowdshipping last mile delivery systems to deliver
on-time within guaranteed delivery time windows (Fatehi & Wagner, 2022), understanding
customers’ reaction to the delivery performance relative to the length of the delivery window may
provide additional insights to the operations planning. Indeed, customers form expectations
relative to the provided service quality (Thirumalai & Sinha, 2005). Hence, a late delivery that
occurred during a one-hour delivery window may not have the same impact as a late delivery
during an eight-hour delivery window. Thus, based on the effect of customers’ expectations
relative to the delivery service, retailers may relax the planning of the delivery system to adapt to
customers’ expectations.

Literature review: Consumers’ challenges in last mile delivery

The second research stream refers to the literature on logistics service quality and physical
distribution service quality. This research has been typically related to last mile delivery because
it identifies the crucial elements of product fulfillment service quality that impact customer
outcomes (Nguyen et al., 2019). This body of literature has used primarily empirical approaches

to extensively investigate the logistics service quality dimensions of the order fulfillment process,
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namely the operational dimension, the economic dimension, and the relational dimension (J.
Mentzer et al., 1999; Stank et al., 2003; Collier & Bienstock, 2006b).

The operational dimension of logistics service quality is crucial for a successful delivery,
and include delivery aspects such as number of shipping options, on-time and fast deliveries, as
well as warehousing aspects such as product availability, ability to track orders, and product
handling (Rabinovich, 2004; Xing & Grant, 2006; Ambra et al., 2021). Within this dimension,
research has first identified the key factors that constitute the operational dimension of physical
distribution service quality, then investigated the impact on retailer and customer outcomes.
Specifically, Rabinovich and Bailey (2004) found that inventory availability, timeliness, and
service reliability are driven by several determinants sorted depending on the e-retailer and
transaction-specific attributes, whereas Stewart and Chase (1999) found that the human error is a
core element in determining the quality of service quality. Consequently, physical distribution
service quality affects operational and financial performance of the e-retailer (Rabinovich & Evers,
2003; Rabinovich, 2004; Rabinovich et al., 2007, 2008), as well as customer’s outcomes, such as
satisfaction, referral, repurchase intentions, and loyalty (Esper et al., 2003; Davis-Sramek et al.,
2008; Rao, Goldshy, et al., 2011; Rao, Griffis, et al., 2011; Thirumalai & Sinha, 2011; Griffis,
Rao, Goldsby, Voorhees, et al., 2012), customer’s intention to return the item (Rao et al., 2014).
The literature has also addressed the key role of product type in segmenting product fulfillment
based on customers’ expectations toward convenience, shopping, and specialty goods (Thirumalai
& Sinha, 2005, 2009; Nguyen et al., 2018).

The economic dimension in last mile delivery refers to the price paid for the fulfillment
service (e.g., shipping and handling charges) (Rabinovich & Bailey, 2004). Recently, this

dimension has received more attention from the literature due to shifting customer’s expectations
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relative to paying for shipping fees (Giimiis et al., 2013). Ma (2017) found shipping charges to be
moderating the perceived delivery time service quality, with greater satisfaction and purchase
intention when customers achieve an ideal combination of long service time and free shipping or
short delivery time paying charges. Nguyen et al. (2019) investigated customers’ preferences
toward delivery options, finding that delivery fees are the most important aspect impacting
customers’ purchasing behaviors. Similarly, Lewis, Singh, and Fay (2006), Barker and Brau
(2020), and Tokar et al. (2020) studied the partitioning of delivery fees from the product’s price.
They found that partitioning affects customers’ prepurchase intentions and basket size. Indeed,
customers are not willing to pay shipping fees even when a carrier with greater performance is
provided.

Finally, the relational dimension includes aspects of the interaction occurring in the order
fulfillment process between the focal firm and the customer (Davis-Sramek et al., 2008). While
this dimension is deemed important because customers are replacing the point-of-purchase
salesperson with service across the last mile (Daugherty et al., 2019; Peinkofer et al., 2020), the
relational dimension in last mile delivery has received only limited attention. Ta, Esper and
Rossiter (2018) investigated the impact of crowdsourced driver’s ethnicity disclosure on
customers’ outcomes, discussing social topics such as driver discrimination and the driver’s
sacrifice in last mile delivery (Esper, 2021). Instead, Castillo et al. (2022) looked at the relationship
in the last mile using the drivers’ perspective, specifically focusing on how customers’ tipping
influences drivers’ performance.

Overall, this literature identifies the key importance of providing customers with high
levels of logispriortics service quality but overlooks the increasing customers’ expectations toward

last mile delivery. Indeed, customers have expressed new preferences for deliveries, which harm
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the efficiency and effectiveness of the service (Hubner et al., 2016; Daugherty et al., 2019).
Consumers expect on-time deliveries with a reduced fulfillment time at their convenience, pushing
the time performance of the delivery service to achieve both speed and punctuality (Gawor &
Hoberg, 2019; Mangiaracina et al., 2019). Delivery speed, or the interval between the customer
order and the delivery, is an essential service component of customer satisfaction (M. Fisher et al.,
2015). Retailers offer several delivery speed options to win online customer orders, such as
expedited delivery, same-day delivery, and next day delivery (Ishfaq et al., 2016; Peinkofer et al.,
2020), increasing the pressure on an already-thin profit margin fulfillment service that is yet
indispensable, especially for large retailers (Dayarian & Savelsbergh, 2020; Kammerer et al.,
2020; Stroh et al., 2022). Delivery punctuality, defined as receiving the package within an
established delivery time lapse (Mangiaracina et al., 2019), is highly valued by consumers (Xing
etal., 2010; Nguyen et al., 2019), but it becomes problematic due to customized delivery windows,
which is a constraint when planning last mile deliveries (Lim & Winkenbach, 2019; Praet &
Martens, 2020). Hence, the second research gap relates to addressing customers’ increased
expectations of punctual and fast deliveries.

Expectancy Disconfirmation Theory

According to Expectancy Disconfirmation Theory (EDT), individuals assess the quality of a
service performance by comparing prior expectations with the actual performance (Oliver, 1977,
1980). An individual’s expectations correspond to the subjective probability or beliefs relative to
the attributes of service before the experience (Olson & Dover, 1979). Upon experiencing the
service performance, individuals assess whether the experience met or unmet the expectations. A
disconfirmation occurs when the level of service does not match the level of expectations (Oliver,

1977). A disconfirmation is positive (negative) when the perceived performance (does not)
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exceeds the expectations. In the former, individuals positively assess the service performance, and
satisfaction follows, whereas the second results in individuals being dissatisfied (Anderson &
Sullivan, 1993; Smith & Bolton, 2002; Hess et al., 2003). EDT has been widely adopted in
operations management literature investigating how customer outcomes are influenced by
expectations relative to the service quality (Zohar et al., 2002; Ho & Zheng, 2004; Venkatesh et
al., 2010; Li et al., 2013; Chen et al., 2018; Dixon & Thompson, 2019; Kokkodis et al., 2022), the
order fulfillment process (Rao, Griffis, et al., 2011; Rao et al., 2014; Peinkofer et al., 2016; Serkan
Akturk et al., 2018), and more specifically to the last mile delivery service (Akturk et al., 2022;
Salari et al., 2022). Overall, this literature finds that not only expectations disconfirmation shape
customer satisfaction, but also customers’ behaviors, specifically purchasing behaviors, including
repurchase intentions, decrease in order frequency and order size (Rao, Griffis, et al., 2011).

EDT is grounded on the premise that individuals follow a chronological process when
assessing service performance relative to prior expectations (Oliver, 1980). This process comprises
of four sequential steps leading to customers' repurchase behaviors (Bhattacherjee, 2001). First,
the customer forms an expectation relative to the delivery service. This process is characterized by
information asymmetry on the level of delivery service (Rabinovich & Bailey, 2004; Kokkodis et
al., 2022). Customers expect the delivery service to follow standards of reliability and
dependability, such as timeliness and speed (Mentzer et al., 1999; Li et al., 2005; Akturk et al.,
2022). Thus, upon ordering from a retailer, customers form the expectation to quickly receive the
order on-time. This expectation is based on information asymmetry because customers estimate
the level of delivery service only on the information available, such as the promised delivery time
and real-time tracking data (Rao et al., 2014; Akturk et al., 2022; Salari et al., 2022), or prior

experience with the service provider (Zohar et al., 2002).
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Second, the customer accepts and experiences the delivery service, and forms perceptions
about the performance and the level of service quality (Bhattacherjee, 2001). Thus, customers
proceed with the home delivery request to the retailer, and experience the actual delivery
performance. The delivery performance is influenced by many aspects related to the delivery
driver (Bode et al., 2011; Ta et al., 2018; Awaysheh et al., 2021; Liu et al., 2021; Castillo et al.,
2022), to the challenges of the context in which it is performed (Amling & Daugherty, 2018; Deng
etal., 2021; Merkert et al., 2022; Rose et al., 2022), or to the characteristics of the delivery (Boyer
et al., 2009; Nguyen et al., 2019; Barker & Brau, 2020; Akturk et al., 2022; Stroh et al., 2022).
Despite the multitude of factors that may influence the performance, customers form perceptions
only based on the experienced level of service quality, i.e., customers often consider late delivery
service failures (Rao, Griffis, et al., 2011).

Third, the customer uses prior expectations as a frame of reference to evaluate the
performance through a comparative judgment that results in confirmation or disconfirmation
(Oliver, 1980). A failure to meet customers’ expectations results in a disconfirmation, and the
value of the service is lowered (Bolton, 1998). In last mile delivery, a disconfirmation typically
occurs when an order is late, when the order fulfillment process is slow, and when the shipping
cost does not match the delivery performance (Glimiis et al., 2013; Akturk et al., 2022).

Fourth, the customer forms a satisfaction based on the disconfirmation level, and
repurchase intentions follows (Bhattacherjee, 2001). Specifically, satisfaction results from
confirmation or positive disconfirmation, whereas dissatisfaction comes from negative
disconfirmation. Satisfaction is the building block of repurchase intentions because a satisfied

customer is likely to continue service use (Anderson & Sullivan, 1993; Oliver, 1993). Hence, a
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delivery that disconfirms prior expectations will likely result in dissatisfaction and the customer
will be less likely to repurchase from the retailer.

Hypotheses development

To formulate the hypotheses of this study, we integrate EDT with the logic of service convenience
and service experience literature. The outcome of interest is customer outcomes, which refers to
the measurable results that a customer can perceive in terms of value generated by the service
provision (Hennig-Thurau et al., 2006; Rao, Goldsby, et al., 2011). In this study, we capture
customer outcomes in terms of customer satisfaction and repurchase behaviors. These two
customer outcomes are of key importance for an online retailer and service provider because they
assess the value customers perceive during the online shopping experience and the delivery service
(Rao, Griffis, et al., 2011). Prior literature has also adopted satisfaction and repurchase behaviors
as outcomes of interest when studying customers’ perceived service quality (Davis-Sramek et al.,

2008; Buell et al., 2010). Figure 17 provides an overview of the theoretical model.
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The impact of delivery time performance on customer satisfaction

Customer satisfaction is defined as the overall assessment of the events during the service
experience (Anderson et al., 1994). In online retailing, customer satisfaction has often been
associated with the customer rating of the experience. Customer rating is a popular online tool to
measure customer satisfaction and reflect the value the customer perceived from the delivery
experience (Gordon et al., 2015; Alexander et al., 2021; Akturk et al., 2022). Hence, similar to
extant studies, this study assumes that the reported ratings of consumers reflect their satisfaction
after consumption (Chen et al., 2018). Upon placing an online order and requesting the delivery
service, customers form the expectation to receive the order on-time. Once the delivery driver
consigns the order, the customer evaluates the service experience through a confirmation or
disconfirmation of the expectations. A late (early) order results in a negative (positive)
disconfirmation.

A negative disconfirmation occurs because customers perceive a service failure in the
delivery service (Rao, Griffis, et al., 2011). Hence, a negative disconfirmation will result in
customer dissatisfaction. This aligns with prior studies that a late delivery decreases customer
satisfaction ( Lee & Whang, 2001; Boyer & Hult, 2006; Fisher et al., 2019). Finally, a dissatisfied
customer will rate less the overall experience, assigning lower online ratings to the delivery
service. Prior literature identifies a difference between positive and negative disconfirmation
because a customer’s loss has a much stronger negative impact on outcomes than a customer’s
gain (Mittal et al., 1998; Tereyagoglu et al., 2018). Hence, an early delivery — a delivery occurring
before the beginning of the delivery window, represents a gain for customers, who perceive the
delivery system outperforming the expected delivery service (Brown et al., 2008). This is likely

because 1) customers perceive quicker gratification from online purchases (Balasubramanian,
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1998), and 2) customers perceive the delivery process as being less risky and more efficient than
expected (Rabinovich & Bailey, 2004). Hence, in instances of early delivery, customers will
experience a positive disconfirmation followed by satisfaction and will provide a higher rate to the
experience. Hence, we expect:
Hypothesis Hla: Lateness is negatively associated with customer satisfaction.
Hypothesis H2a: Earliness is positively associated with customer satisfaction.
The impact of delivery time performance on customer outcomes with the retailer
Repurchase behaviors is defined as customer’s attitude to engage in future repurchase behavior
towards a retailer (Seiders et al., 2005). EDT predicts that satisfied customers experiencing a
confirmation or a positive disconfirmation will engage in repurchase behaviors with the retailer
(Bhattacherjee, 2001). This is because an experience exceeding or meeting the expectations will
reduce the asymmetry of information relative to the delivery time performance. Indeed, in such
occurrences, customers update their expectations regarding future transactions and service
provisions through a series of anchoring and adjustment processes, which leads customers to adjust
their expectations based on the successful service provisions (Hogarth & Einhorn, 1992; Rao,
Griffis, et al., 2011). Thus, a customer experiencing a satisfactory service provider is expected to
continue repurchasing from the retailer. In contrast, a negative disconfirmation results in reduced
repurchase from the retailer. These arguments have been established in prior service quality
literature (Bitner, 1990, 1995; Smith et al., 1999; Davis-Sramek et al., 2008; Wan et al., 2016).

In the context of this study, customer repurchase behaviors manifests through customer’s
future spending in terms of order size. Future spending has traditionally been linked to customer
repurchase behaviors (Guo & Liu, 2023), used as the primary dependent variable in prior literature

investigating delivery operations (Rao, Griffis, et al., 2011; Bhan & Anderson, 2023), and
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theorized as a key customer outcome in sharing economy contexts (Luo et al., 2021). A change in
order size reflects a change in the value of the relationship between the customer and the retailer
(Lewis et al., 2006; Rao, Griffis, et al., 2011). The literature typically studies a change in order
size relative to the shipping fees applied to online orders, investigating customers' behaviors
relative to adding items to the total order to avoid shipping fees (Khan et al., 2009; Leng &
Becerril-Arreola, 2010; Han et al., 2022). Following this logic, in this study, a change in order size
corresponds to an increase or decrease in the number of items included in the order.

Delivery time performance is a key service quality aspect influencing customers’ behaviors
toward the retailer. A delivery service that negatively disconfirms customers’ expectations will
likely decrease the perceived value of the transaction (Lewis et al., 2006). Hence, the customer
will likely reduce the intention to patronize the retailer because of the service quality uncertainty
(De Vries et al., 2018). In contrast, a positive disconfirmation will hold the opposite result of
increasing order frequency and order size because customers perceive less uncertainty, adjust their
expectations to receive their shopping within the expected amount of time, and will not seek an
alternative. Hence, we expect:

Hypothesis H2a: Lateness is negatively associated with repurchase behaviors.

Hypothesis H2b: Earliness is positively associated with repurchase behaviors.

The moderating role of customer’s expectations

Customers form expectations of the delivery service based on available information and prior
experience (Bhattacherjee, 2001). However, these expectations depend on the subjective
perception of waiting time (Zohar et al., 2002). Hence, expectations differ based on the length of
time customers wait for the service provision, being a short wait or a long one (Zohar et al., 2002).

In last mile delivery, customers often face variance in waiting time. In this study, we do not refer
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to waiting time as the time for the order to be fulfilled (Akturk et al., 2022), rather as the length of
the delivery window. Studies have looked at customers’ responses to the width of the delivery time
slot (Amorim et al., 2020). Customers prefer greater precision (shorter delivery window) to
increase the time convenience of the service provision (Berry et al., 2002; Boyer et al., 2009;
Nguyen et al., 2019).

When the service provider sets the delivery window length, customers form expectations
on the level of service quality, because the window indicates the guaranteed delivery time (Stroh
et al., 2022). A longer delivery window is likely to increase the chances of receiving the order on-
time (i.e., within the delivery window). Given the aim of the customer to receive the order on-
time, a longer delivery window will create the expectation that the order will likely be delivered
within the targeted window (Grout, 1998). A longer delivery window reduces uncertainty relative
to the waiting time, increasing the predictability of the delivery and increasing the customer’s
perception of control (Bitran et al., 2008). Providing customers with information about the wait
helps manage expectations (Bitran et al., 2008). This has recently been investigated in last mile
delivery: Research found that including a feed of real-time delivery enhances customer outcomes
(Salari et al., 2022). In some instances, major retailers also allow customers to pick a preferred
time slot for delivery (Agatz et al., 2021). In contrast, a shorter delivery window may reduce the
expectations that the order will be on-time, increasing uncertainty on the wait time, thus decreasing
customers’ perception of control over correctly estimating the waiting time (Donohue et al., 2020).

Consequently, different effects hold for the moderation of delivery window length on the
relationship between delivery time performance and customer outcomes. A longer delivery
window will increase expectations of an on-time delivery, by decreasing the uncertainty of late

delivery. An increase in expectations results in a stronger disconfirmation in case of late deliveries
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because of the larger difference between expectations and service performance. However, higher
expectations reduce the difference between prior expectations and performance in the case of an
early delivery. Hence, while delivery window length magnifies the impact of late deliveries on
customer outcomes, it mitigates the positive effect of early deliveries on customer outcomes.
Shorter delivery windows bear the opposite effect, mitigating the effect of a late delivery because
of lower expectations while magnifying the effect of on-time or early deliveries on customer
outcomes. Thus, we expect that:

Hypothesis 3a,b: Delivery window length moderates the relationship between delivery time
performance and customer outcomes, such that a longer delivery window will a) magnify the
negative relationship between lateness and customer outcomes, but b) mitigate the positive
relationship between earliness and customer outcomes.

Another element impacting customer’s expectations is the delivery service the customer
request to the retailer. In last mile delivery, customers may require a fast delivery, which refers to
the expedited delivery for time-definite and sensitive services (Peinkofer et al., 2020). Given that
customers are sensitive to the delivery time (Fisher et al., 2019), faster delivery will provide
customers with the benefit of reducing uncertainty relative to the waiting time. Hence, for
expedited deliveries, customers may be tolerant relative to delays and disclose greater satisfaction
and repurchase behaviors when the service meets or exceeds expectations. However, the request
for this additional service impacts the delivery expectations because customers are usually
requested to pay an extra fee. Prior literature found that customers are reluctant to pay delivery
fees and that delivery fees are an important determinant of customers’ purchasing behaviors (Ma,
2017; Nguyen et al., 2019; Barker & Brau, 2020). For example, the shipping fee is a key factor

driving the conversion rate in online retailing, with many consumers leaving their shopping cart
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upon requesting a shipping fee (Leng & Becerril-Arreola, 2010; Akturk & Ketzenberg, 2022; Han
et al., 2022). In the context of this study, customers can require an expedited delivery service by
paying additional fees. The effect is to increase customers’ expectations: as customers pay an
additional premium to receive the order faster, they also increase their expectation to receive the
order in a timely fashion. Hence, we expect that:

Hypothesis 4a,b: Fast shipping moderates the relationship between delivery time performance
and customer outcomes, such that a faster shipping will a) magnify the negative relationship
between lateness and customer outcomes, but b) mitigate the positive relationship between
earliness and customer outcomes.

Methodology preview

We empirically test these hypotheses through a multi method design approach, including
econometric analysis of archival data and scenario-based experiments (Golicic & Davis, 2012).
We chose this research design for many reasons. First, while empirical research using archival data
ensure generalizability of the results, a common limitation is presence of endogeneity (Lu et al.,
2018; Miller et al., 2020). In contrast, experiments present the advantage of a controlled scenario,
in which the researcher manipulates an independent variable to observe its effect on a dependent
variable (Lonati et al., 2018). Second, the nature of the dependent variable online rating may raise
questions relative to the actual representativity of the customer experience. For example, prior
literature discussed that only a proportion of the customer population leaves feedback, hence
including a reporting bias (Karamana, 2021). Finally, the dependent variables capturing customer
outcomes with the retailer reflect the actual purchasing behavior of the customer. While this is
preferable, prior literature has demonstrated the importance of capturing customers’ intent toward

their repurchasing behaviors (Davis-Sramek et al., 2008; Wan et al., 2016). Hence, Study 1 refers
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to the econometric analysis of a dataset retrieved from an online retailer (hereafter named Alpha).
Study 2 refers to the scenario-based experiment.

Study 1 — Data and econometric models

Data description

We empirically investigated these hypotheses by compiling a dataset from multiple sources. First,
we retrieved delivery operational data and driver outcomes data from a Fortune 100 retailer
(hereafter called Alpha). The retailer has launched its white-label crowdshipping platform, which
performs home deliveries from the retailer’s stores using crowdsourced drivers. Upon being pinged
from the retailer for home deliveries, the crowdshipping platform broadcasts the offer for the
delivery task through the Driver App, where the offer is visible to a set of drivers assigned to a
driver zone'!. The offer includes details related to the compensation, the pre-tipping, the delivery
type, the number of orders included in the delivery task, the total of miles that a driver would drive
to perform the task (i.e., from the store to the final drop-off), as well as the store and customers’
address. Upon accepting the task, the Driver App provides GPS navigation instructions to arrive
at the pick-up point and drop-off the orders at the customer’s destination.

Alpha shared a raw dataset covering three months (February to April 2022), and containing
approximately ~14.3 million customers’ orders delivered by ~173k drivers. The dataset includes
detailed information about the characteristics of the order and the customers. The dataset reports
several time stamps capturing the hour, minute, and second of the delivery operations for the order

I, including order delivered (orde;), which refers to the timestamp of when the driver delivered

the order, and delivery time window end (de;), which refers to the planned delivery time for a

11 As common in crowdshipping (Guda & Subramaniana, 2019; Tripathy et al., 2022), the platform assigns drivers to
a driver zone, which serves the stores located in at least one zip code (i.e., the same zone may serve multiple zip
codes).
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specific order. This dataset also includes the delivery type for each order (expedited or standard),
the geo coordinates (latitude and longitude) of each drop-off location, as well as information
relative to the store that dispatched the delivery task, including store id and complete address.
Second, we manually retrieved publicly available data from Alpha’s website about stores
that dispatched a delivery task. Specifically, we downloaded data on stores’ id, type, and exact
address. Alpha sorts stores dispatching a delivery task into different'? types, based on the
dimension of the store. The exact address includes street name and number, 5-digit zip code, town,
and state. Next, we built a custom program to extract the geographical coordinates (i.e., longitude
and latitude) from each store address. Following current literature (Belo et al., 2014; Belenzon et
al., 2020; Barrios et al., 2022), we employed Google Maps Geocoding application programming
interface (API), which is a Google Cloud Platform powered by Google Enterprise API, that
converts between addresses and geographic coordinates. The platform library provides an XML
file to automate the search for coordinates from the specified address and guarantees complete
integration with Microsoft Excel. Among the advantages of this API is the correction of small
variations in spelling (misspelling) between the manually retrieved and the actual address,
allowing to find the geocoordinates when there is a close match (Belenzon et al., 2020). We
manually checked a sample of these conversions to ensure the precision of the conversion, without
finding any unreasonable matching (Belenzon et al., 2020). Finally, we matched this and Alpha
datasets through store id. Hence, using the geocoordinates of drop-off locations (from Alpha) and
of store locations (from Google), we computed the store-drop-off distance, expedited in miles,
using geodist function in STATAL7. This function computes ellipsoidal distances (i.e., “the length

of the shortest curve between two points along the surface of the mathematical model of the earth

12 For confidentiality reasons, the number of drivers, stores, zip codes, delivery zones, and store types are not disclosed.
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WGS 1984 datum” (Picard, 2022) — the same used by Google Earth) using Vincenty (1975)’s
equation (Picard, 2022) A limitation is that geodist computes the actual distance, not the travel
distance. However, the nature of the dataset being limited to local store-to-home deliveries allows
to reasonably assume that g,, and travel distance are similar and strongly correlated.

Data cleaning

Before performing the main analyses, we cleaned the dataset following best practices of recent
literature investigating similar contexts (Farber, 2015; Miao et al., 2022). First, we removed
incomplete or erroneous observations and outliers for all the variables of interest. Specifically, we
removed (1) orders with missing timestamps, (2) erroneous observations with total travel distance
longer than 21 miles?® (3) erroneous observations of ordered delivered before 6 AM and after 10
PM*, In the end, 13,927,531 observations were retained as final sample. Among these
observations, we could observe only a subsample of orders which received a star rating from
customers (n = 1,363,440). Theory and literature suggest that this is likely because customers
initiate an information flow (i.e., post-service survey) only when extremely dissatisfied or
extremely satisfied (Anderson, 1998; Chen et al., 2011; Taken Smith, 2012), especially when the
experience is negative (Mittal et al., 1998). We address potential sources of endogeneity for sample
bias prior to the main analysis. The unit of analysis of this study is at the single-order level.
Variables construction

We computed the outcome variables and predictors following theory, prior literature, and best

practices. Table 16 reports the descriptive statistics, and Table 17 reports the correlations.

13 This threshold result from symmetrically winsorized distance traveled at 99%, which produces an average distance
traveled of 4.3 miles (SD = 4). This aligns with prior literature investigating similar context (i.e., crowdshipping), for
example, (Miao et al., 2022) average trip distance was 11km (~7 miles), and (Castillo et al., 2022)’s netnography
report drivers performing between 7 and 10 miles.

14 Alpha provides the delivery service from 7 AM to 9 PM.
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Table 16 — Descriptive Statistics

Variable Mean SD Min Max Source
1) Customer rating* 4.66 1.00 1 5 (Alexander et al., 2021)
2) Repurchase behaviors” 1449 196 0 90 (Luo etal., 2021)
3) Lateness 733 221 0 124.89  (Tharer et al., 2020)
4) Earliness 1.1 3.48 0 20.38  (Akturk et al., 2022)
(5) Window length 2.84 4.26 0.51 22.25 (Boyer et al., 2009)
(6) Expedited 0.06 0.23 0 1 (Peinkofer et al., 2020)
@) Order size 19.67 2234 1 1212 (Liu etal., 2021)
(8) Distance from store” 3.48 2.25 0.29 9.64  (Akturk & Ketzenberg, 2022)
9) N late previous orders 0.63 1.9 0 68 (Luo etal., 2021)
(10) N early previous orders 0.36 2.49 0 84 (Luo etal., 2021)
(11)  Subscription 0.69 0.46 0 1 (Wagner et al., 2021)
(12)  Unattended 0.92 0.27 0 1 (Hubner et al., 2016)

Note: * In transformed prior to the final analysis * The variable was symmetrically winsorized at 99%.

Table 17 — Correlations

Variable o) ) 3) (@) (5) (6) @
(1) Customer rating 1.00
¥)) Repurchase intentions 0.01"" 1.00
3) Lateness -0.11™  -0.09™" 1.00
4) Earliness 0.02™ 0.05™" -0.10™ 1.00
(5)  Window length 20.01™  -017™  0.33™  -0.14™  1.00
(6)  Expedited 0.01™  0.04™  -007"" -001™ -0.09™  1.00
(7) Order size 0.02™* 0.33"™  -0.16"™ 0.06™  -0.32"" 0.03™ 1.00
(8) Distance from store 0.01™" -0.14™ 0.26™  -0.24™ 0.32™" -0.12™" -0.26™"
(9) N late previous orders 0.01™  0.05™  -007™ 025"  -0.09™  0.03™  0.02™
(10) N early previous orders -0.01™  -0.04™ 0.06™  -0.03™" 0.07"  -0.02™"  -0.06™"
(11)  Subscription 0.03™" 0.28™" -0.16™ 0.12" -0.28™" 0.05™" 0.23™"
(12)  Unattended 0.01" -0.04™" 0.04™" -0.01™" 0.09™" -0.03™" -0.10™"

(8) 9) (10) (11) (12)

®) 1.00

(9 019"  1.00

(10)  0.06™  0.04™  1.00

(11)  -024™  019™  0.04™  1.00

(12 0.08™ 000%™  0.02™  -0.05™  1.00

Note: "p<.1™p<.05™ p<.01

Customer satisfaction was operationalized as the customer feedback in the form of 5-star
rating after the delivery was completed. Upon delivery completion, Alpha emails the customer the
confirmation of the completed delivery and asks a 5-star rating feedback with the prompt: “How
was your experience?” To support the validity of this operationalization, we recall the abundance
of operations management literature that have used a similar proxy for customer satisfaction (Rao,
Goldshy, et al., 2011; Alexander et al., 2021; Akturk et al., 2022; Ta et al., 2023). In our dataset,

similar to prior literature (Akturk et al., 2022), customer satisfaction (hereafter rating) presents a

140



J-shaped distribution (Figure 18), with 73,002 orders with 1-star rating, 18,378 with 2-star rating,
28,656 with 3-star rating, 61,558 with 4-star rating, and 1,181,846 with 5-star rating. As expected,
the two most frequent rating is 1-star and 5-star ratings, confirming the polarity of rating (i.e.,
customers rate the experience when extremely dissatisfied or extremely satisfied) (Anderson,

1998).
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Figure 18 — Distribution of Customer Rating

Repurchase behaviors was operationalized as the total number of items the customer
purchased on the next order (Rao, Griffis, et al., 2011; Luo et al., 2021). This operationalization
capture the actual customers behavior on their next purchase. A limitation of this variable refers
to the limited time span of the dataset, which does not allow observing the next order's actual time
for all the orders, specifically those placed close to the end of the dataset. In these instances,
common practice suggests treating the end of the dataset as the last customer order (De Vries et
al., 2018). This operationalization is required to account for the censored nature of the dataset
(Hosmer & Lemeshow, 1999). A second limitation is that this dataset only capture deliveries to

the customer, hence does not observe whether the customer repurchase from the same retailer but
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on a different channel. Despite these limitations we deemed this operationalization appropriate as
it groups on theory and prior research (Rao, Griffis, et al., 2011; Bhan & Anderson, 2023). A
greater value indicates a higher repurchase behaviors as customers increase the total number of
items purchased and delivered from the retailer.

The focal predictors were operationalized following prior literature. Specifically, Lateness
is computed as the time elapsed between the actual delivery time stamp and the time stamp
indicating the end of the delivery window (Tharer et al., 2015, 2020). Lateness for the order i was
computed as follows:

Lateness; = max (0, D; — de;)
Where D; indicates the delivery time stamp of order i, and de; is the delivery window end time
stamp of order i. Positive values indicate a late delivery, whereas negative values indicate an on-
time delivery. Similarly, Earliness is computed as the time elapsed between the time stamp
indicating the beginning of the delivery window and the actual delivery time stamp (Akturk et al.,
2022; Dayarian & Pazour, 2022). Earliness for the order i was computed as follows:

Earliness; = max (0,db; — D;)
Where db; denotes the beginning of the delivery time window. Positive values indicate an early
delivery.

The first moderator refers to delivery window length and is operationalized as the time
elapsed between the beginning of the delivery window time stamp and the end of the delivery
window time stamp. Delivery window length for the order i is computed as follows:

Delivery window length; = db; — de;
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Greater values indicate a longer delivery window. Finally, we operationalized expedited delivery
as a dummy variable taking values of 1 if the customer requested an expedited delivery, 0
otherwise (Peinkofer et al., 2020).

We also included a set of control variables. First, we included order size, computed as the
total number of items in order i. Order size has been found to service time and it is likely to affect
customer expectations relative to delivery service based on how much they purchased (Rabinovich
& Bailey, 2004; Liu et al., 2021). Second, we include Distance, computed as the distance, in miles,
between the customer’s delivery drop-off and the store that fulfilled the order. Prior literature
found heterogenous customers’ preferences relative to the omnichannel distribution (Lim et al.,
2018; Agatz et al., 2021). The theory on service convenience suggests that less effort and lower
time spent increase service convenience and so customer outcomes (Berry et al., 2002). For
example, dissatisfied customers may decide to replace the delivery with the buy-online-pickup-in-
store service (Dayarian & Pazour, 2022). Third, we included two variables capturing the
cumulative number of late orders and early orders a customer experienced before the delivery took
place. We included these control variables for two reasons. Theory suggests that customer form
expectations also based on their prior experience (Bhattacherjee, 2001). In addition, recent
theoretical developments in the context of sharing economy suggest that prior expectations
influence customer outcomes (Luo et al., 2021). Third, we include subscription, a dummy variable
indicating whether, at the time of order i, the customer pays a subscription for the provision of the
delivery service. Many retailers offer subscription plans for the delivery service (e.g., Amazon
Prime) (Caro et al., 2020). This is likely to influence not only customers expectations, because of
the subscription fee, but also repurchase behaviors, because a customer that has paid for a

subscription plan is more likely to engage in repurchase behaviors with the same delivery service
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provider (Wagner et al., 2021). Finally, Unattended is a dummy variable indicating whether the
delivery was unattended, that is the customer not being at home (Hibner et al., 2016). For
unattended deliveries, the customer may develop lower expectations relative to the waiting time
because the customer is not at home. Finally, we include a set of control variables related to the
time of the day, Afternoon, a dummy variable taking one if the delivery was completed in the
afternoon, zero otherwise, Weekday, a dummy variable taking one if the delivery was completed
during the working week (Monday to Friday) (Choudhary et al., 2021), and fixed effects for the
month.

Preliminary analysis

Following prior literature (Corbett et al., 2005; Hendricks & Singhal, 2014), we symmetrically
winsorized at 99% repurchase behaviors to limit the effects of outliers on the final analysis. In
addition, we computed the natural logarithm for customer rating to correct for distribution
skewness (Andritsos & Tang, 2014; Akturk et al., 2022).

Endogeneity concerns

The purpose of this study is to investigate the impact of delivery performance on customer
outcomes. Despite the effort to collect several control variables, upon consulting operations
management literature, we identified a potential source of endogeneity due to omitted variable
bias, which manifests when unobservable or unavailable factors affect both predictors and outcome
variables (Ho etal., 2017; Lu et al., 2018; Mithas et al., 2022). Prior literature investigating similar
research questions suggests that unobserved predictors related to fulfillment operations may affect
the delivery performance (Rabinovich & Bailey, 2004; Akturk et al., 2022), and consistently
impact customer outcomes, given that customers are inherently more sensitive to lead time in

online channels (Lim et al., 2020). To overcome this challenge, we adopted a IV/2SLS
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econometric approach, which ensures to identify the causal estimation for the effect of the focal
predictors on the outcome variables (Ho et al., 2017).

In the first step of the IV/2SLS, we identified instrumental variables that meets the
relevance and exclusion condition, per Wooldridge (2010). Indeed, an instrument must explain the
suspected endogenous predictor (relevance condition), and affect the outcome variables only
through the focal predictor being unrelated to the unobservable variables included in the error term
(Wooldridge, 2016). The challenge presented in this context is to identify endogenous predictors
that would uniquely affect each predictor (e.g., lateness but not earliness). For example, delivery
density would appropriately impact both lateness and earliness of an order. Hence, following prior
literature (Akturk et al., 2022), we instrumented lateness (earliness) with the subgroup average
lateness (earliness) at the delivery zone level. It is plausible that delivery operations within a
delivery zone are systematically affected by unobserved factors such as the level of traffic, road
conditions, weather conditions, as well as stores’ fulfillment operations. Following Akturk et al.
(2022) arguments, the average lateness (earliness) could explain the variation of lateness
(earliness), without impacting customer outcomes, given that it is unlikely that customers know
the average lateness (earliness) for all deliveries completed within the delivery zone.

Estimation Models

Prior to estimating the first stage of I\VV/2SLS, we reviewed the distributions of the two endogenous
predictors (lateness and earliness), which indicate that these two predictors follow a Poisson
distribution. Thus, we followed Kamalahmadi et al. (2021) approach, which utilizes different
estimation approaches between the first and second stage of I\VV/2SLS procedure. Specifically, in

the first stage, we adopt a Poisson regression, whereas in the second stage we adopt a linear
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regression for customer rating, and a Poisson regression for repurchase behaviors. We detail the
regression models as follows:

2SLS-Stage 1. Run a Poisson regression for Lateness and Earliness on the instruments
(average lateness and average earliness at delivery zone z), and control variables of vector X;, as
follows:

(19) Pr(Lateness; = s|X;) = Poisson(a + BiuLateness, + B,uEarliness, + BX; + ¢&;)

(20) Pr(Earliness; = s|X;) = Poisson(a + ByuLateness, + B,uEarliness, + BX; + €;)

Where X; is the vector of control variables, B is the vector of coefficients for the control
variables, and ¢;, are robust standard errors, clustered for driver id to mitigate the potential source
of heteroscedasticity. BX; was specified as follows:

(21) X; = By + Biorder size; + f,dist; + Bscum late orders; + Bycum early orders, +
Pssubscription, + Pgunattended; + [7;sStore;s + Lgimmonthyy, + Loy, dow;, +
Broictime;;

The predicted values for lateness and earliness are Lateness; and Earliness; respectively.
2SL.S-Stage 2. Run an OLS regression on customer rating of order i replacing Lateness;
and Earliness; with Lateness; and Earliness;, as follows:

(22) In(customer rating); = @, + a,Lateness; + a,Earliness; + BX; + ¢;

A Poisson regression for Repurchase behaviors of customer d for order i + 1, as follows:

(23) Pr(Repurchasey;y, = s|X;) = Poisson(a + a,Lateness; + a,Earliness; + BX; +
&)

Study 1 — Results
We first presented statistical evidence relative to our claims for endogeneity. Then, we reported

the testing of each hypothesis and a plot for each significant interaction effect.
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Tests for endogeneity
Results from the first stage (Table 18 Models 1-2) report that average lateness (earliness) positively
impact lateness (earliness), yet negatively effect the alternative delivery performance.

Table 18 — IVV/2SLS results of the first stage

1) )
Lateness Earliness

Order size 0.008™*  (0.000) -0.009"™  (0.000)
Distance from store 0.088™" (0.003)  -0.330™" (0.002)
N late previous orders -0.136™" (0.007) 0.072" (0.001)
N early previous orders 0.224™ (0.017)  -0.117" (0.004)
Subscription 0.019 (0.015)  -0.020™ (0.006)
Unattended 0.085™  (0.015)  0.112™*  (0.006)
Month fe YES YES
Day of the week fe YES YES
Clock hour fe YES YES
Store fe YES YES
IV Lateness 0102 (0.002) -0.017"~  (0.001)
IV Earliness -0.068™  (0.008)  0.475™*  (0.002)

cons 2.133™  (0.165)  1567™  (0.066)
e 17681.370 210013.378
McFadden’s pseudo R? 0.076 0.218
N 1394399.000 1394399.000

Note: robust standard errors reported in parenthesis. * p <0.1, *p <0.05, ™ p
<0.01, ™ p < 0.005, ™ p < 0.001

Results of endogeneity tests (Table 19) suggest that the instrument met the relevance and
exclusion conditions. Average lateness strongly correlates with lateness (r = 0.121), but weakly
correlates with customer rating (r = -0.022) and repurchase behaviors (r = -0.065). Similarly,
average earliness strongly correlates with earliness (r = 0.247), but weakly correlates with
customer rating (r = -0.005) and repurchase behaviors (r = -0.039). In addition, the instrumental
variable for lateness also presents high F-statistics in the first stage (F = 44,375, p < 0.01), well
over 10 (Staiger & Stock, 1997), to conclude that is a strong instrument (Wang et al., 2022). The
same conclusion is drawn for the instrumental variable for earliness (F = 40,090, p < 0.01). As
expected, we found evidence of endogeneity. Durbin-Wu-Hausman tests for customer rating (F =
753.17, p < 0.01) and repurchase behaviors (F = 10,178, p < 0.01) confirm the presence of

endogeneity and the choice of an I\VV/2SLS approach (Dhanorkar & Siemsen, 2021).
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Table 19 — Test for endogeneity

Instrumental Cragg-Donald Wald F- Lateness  Earliness Customer Repurchase behaviors
variable test rating

Average lateness at F=44375p<0.01 r=0.121 r=-0.096 r=-0.022 r=-0.065

delivery zone level

Average earliness at F=40,090 p <0.01 r=-0.047 r=0.247 r=-0.005 r=0.039

delivery zone level
Durbin-Wu-Hausmann 3> 753.17 p<0.01 10,178.4 p <0.01

Direct effects on customer outcomes

Results are reported in Table 20. Hla predicted a negative effect of lateness on customer
satisfaction, whereas H2a a positive effect of earliness on customer satisfaction. Model 1 reports
a negative and significant coefficient of lateness (f = -0.041, p < 0.01), supporting H1a, but a
negative and significant coefficient of earliness (f = -0.023, p < 0.01), not supporting H2a. H1b
predicted a negative effect of lateness on repurchase behaviors, whereas H2b a positive effect of
earliness on repurchase behaviors. Model 2 reports a negative and significant coefficient of
lateness (p = -0.086, p < 0.01), supporting H1b, but a negative and significant coefficient of
earliness ( =-0.019, p < 0.01), not supporting H2b.

Table 20 — I\V/2SLS second stage. Direct effects of lateness and earliness on customer outcomes

1) @)
Ln(rating) Repurchase

order size 0.000" (0.000) 0.009" (0.000)
distance from store -0.000 (0.000) 0.019™™ (0.001)
n late previous orders -0.002"** (0.000) 0.010™™ (0.001)
n early previous orders -0.001 (0.001) 0.005" (0.002)
subscription 0.024™* (0.001) 0.255™™ (0.004)
unattended 0.000 (0.001) 0.034™™ (0.003)
Month fe YES YES
Day of the week fe YES YES
Clock hour fe YES YES
Store fe YES YES
Lateness -0.041** (0.001) -0.086™"" (0.005)
Earliness -0.023"** (0.001) -0.019™** (0.003)

cons 1,592 (0.028) 2.850"™ (0.061)
F 180.658™"" 2 171.062""
R? 0.005 Pseudo r2 0.005
Adjusted R? 0.005
N 1,394,399 1,394,399
rmse 0.379

Note: Robust standard errors reported in parenthesis. * p < 0.1, “p < 0.05, ™ p < 0.01,
' p<0.005 "™ p<0.001
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Moderation effects of delivery window length and expedited

H3a predicted that delivery window length would enhance the negative effect of lateness on
customer outcomes, whereas H3b predicted that delivery window length would mitigate the
positive effect of earliness on customer outcomes. Results from Table 21 Models 1 and 3 provide
significant coefficients for the interactions on customer rating. The plots in Figure 21 and Figure
20 suggest that a longer delivery window mitigates the effect of lateness on rating. Specifically, at
higher levels of lateness, the difference between a short and long delivery window on customer
rating is stronger at low levels of lateness. Hence, we do not find support for H3a. Similarly,
delivery window length mitigates the effect of earliness, thus supporting H3b. The interaction
coefficients on repurchase behaviors are not significant. Hence, H3a and H3b are not supported.

Table 21 — IVV/2SLS second stage. Moderation effects of delivery window length and expedited
delivery

@ ) @) (4)
Ln(rating) Ln(rating) Repurchase Repurchase
order size 0.000 (0.000)  0.000"™  (0.000) 0.008"**  (0.000)  0.009™™  (0.000)
distance from store -0.011"*  (0.002)  -0.002"*  (0.000) 0.014" (0.006)  0.017°™  (0.001)
n late previous orders -0.012"*  (0.002)  -0.001" (0.000) 0.004 (0.006) 0.011™™  (0.001)
n early previous orders -0.015™"  (0.004) 0.002" (0.001) -0.008 (0.012) 0.008™*  (0.002)
subscription 0.025" (0.001)  0.024™  (0.001) 0.257"*  (0.004)  0.255"  (0.004)
unattended 0.002°  (0.001)  0.000 (0.001) 0.034™™*  (0.003)  0.033"*  (0.003)
Month fe YES YES YES YES
Day of the week fe YES YES YES YES
Clock hour fe YES YES YES YES
Store fe YES YES YES YES
Lateness 0.1177 (0.018)  -0.042"  (0.001)  -0.1477"  (0.052)  -0.089™"  (0.005)
Earliness -0.078™  (0.012)  -0.025™*  (0.001)  -0.042 (0.033)  -0.021**  (0.003)
Window length -0.286™  (0.042)  -0.478™  (0.056)  -0.634™""  (0.115)  -0.809™"  (0.145)
Expedited -0.065™ (0.007)  0.212™*  (0.036) 0.031 (0.020)  0.232" (0.094)
Lateness x Window 0.022"*  (0.005) 0.019 (0.016)
length
Earliness x Window 0.019™™  (0.004) 0.007 (0.012)
length
Lateness x Expedited -0.090"™™  (0.013) -0.049 (0.036)
Earliness x Expedited -0.087""  (0.014) -0.076" (0.034)
_cons 1.696™  (0.040)  2.088™*  (0.065) 3.307"  (0.103)  3.684™  (0.164)
F 162.064™"" 162.063™"  ¥? 77850.711 77854.631
R? 0.005 0.005 Pseudo 0.092 0.092
r2
Adjusted R? 0.005 0.005
N 1,394,399 1,394,399 1,394,399 1,394,399
rmse 0.379 0.379

Note: Robust standard errors reported in parenthesis. *p < 0.1, " p < 0.05, ™ p < 0.01, ™" p < 0.005, ™ p < 0.001
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Figure 19 — Interaction effect of lateness and delivery window length on customer rating
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Figure 20 — Interaction effect of earliness and delivery window length on customer rating

Finally, H4a predicted that expedited delivery would enhance the negative effect of
lateness on customer outcomes, whereas H4b predicted that expedited delivery would mitigate the
positive effect of earliness on customer outcomes. Results from Table 21 Models 2 and 4 provide
significant coefficients for the interactions on customer rating. The plots in Figure 21 and Figure
22 suggest that an expedited delivery magnifies the effect of lateness and earliness on customer
rating. Hence, we find support for H4a, but not for H4b relative to customer rating. The interaction
between lateness and expedited delivery presents a non-significant coefficient on repurchase
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behavior, hence H4a is not supported. The interaction with earliness presents a significant
coefficient. Figure 23 shows that expedited delivery enhances the effect of earliness on repurchase

behavior. Thus, we do not find support for H4b.

25

—_
n
I

In(Rating)

—e— Standard

14 —m—Expedited

0.5 4

Low Lateness High Lateness

Figure 21 — Interaction effect of lateness and expedited delivery on customer rating
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Figure 22 — Interaction effect of earliness and expedited delivery on customer rating

151



30

N items customer's next order

5 4

0

25 +

20 A

15 A

10

—e—Standard
—i—Expedited

Low Earliness

High Earliness

Figure 23 — Interaction effect of earliness and expedited delivery on repurchase behaviors

Post-hoc analyses

To further explore the impact of lateness and earliness on repurchase behavior, we performed two
post-hoc analyses. First, we investigated the quadratic effects of lateness and earliness on
repurchase behavior. Results from an OLS regression including the same set of control variables
of in the main analysis show that while the quadratic effect of lateness is not significant, earliness
presents a negative and significant linear coefficient (p = -0.007, SE = 0.001) but a positive and
significant quadratic coefficient (f = 0.0002, SE = 0.0001). Figure 24 presents the quadratic effect
of earliness on repurchase behavior following a U-shaped effect. Following recommended

practices (Miller et al., 2013), we plotted the 95% lower and upper Johnson-Neyman thresholds,

identifying the non-significance area between 12.2 and 17 minutes.
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Figure 24 — Quadratic effect of earliness on repurchase behaviors with Johnson-Neyman lower
95% threshold (full red line), and upper 95% threshold (dashed red line)

Second, we performed a survival analysis that estimates the odds that a customer exits (i.e.,
that a customer disappears from the dataset). Given the nature of the customer exit
operationalization and the characteristics of the dataset, following prior literature (Azadegan et al.,
2013; De Vries et al., 2016; Singh et al., 2021), we investigate customer exit using survival
analysis. Survival analysis is adopted when considering the occurrence of a binary outcome
variable (presence or absence of an individual) given the left censored (late entry) and/or the right
censored (truncation of the study period) nature of the dataset (Bhattacharjee et al., 2007; Flynn,
2012; Singh et al., 2021). Survival analysis can determine the impact of covariates on the survival
time, defined as the time interval between the start and follow-up for a subject until the event of
interest occurs or until censored (Flynn, 2012).

As common in survival analysis (Clark et al., 2003), we assess the survival rate of
customers by consulting the Kaplan-Meier survival curve (Kaplan & Meier, 1958), which shows
the survival function against time estimated as the cumulative probability of survival for all

individuals in the dataset since the baseline (Kaplan & Meier, 1958). Thus, we identified the
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cumulative probability of how many customers survived for how many days in the dataset before
disappearing. Figure 25 presents the Kaplan-Meier curve showing that only 25% of customers
(~175k for the subsample of ~702k customers) in the dataset survive for more than 5 days. This
does not reflect customers that consistently purchase everyday for 5 consecutive days. Rather, it
shows that only 25% of customers were still present in the dataset after 5 days since their first
appearance. In addition, the curve shosws that none of the customers survived for longer than 53

days.

Kaplan—Meier survival estimate
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Figure 25 — Kaplan-Meier curve for customers survival analysis

Motivated by this result, we assessed the impact of lateness and earlinesson the survival
rate of customers. Following prior literature (De Vries et al., 2018; Senot, 2019), we adopted a
Cox proportional hazards regression model (Cox, 1972). This is a semi-parametric multivariate
survival analysis model, that estimates the effect of covariates on the hazard rate, without being
subject to assumptions relative to the distribution of the hazard rate over time (Bradburn et al.,

2003; Senot, 2019; Singh et al., 2021). Model 1 and Model 2 in Table 22 report the estimations
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for the impact of lateness and earliness on the hazard rate with control variables (equation 10) and
adding the inverse mills ratio (equation 11), by assessing the following estimation models:

(24) hy(t/X) = Ao(t) x exp{a,Lateness; + a,Earliness; + BX;}

(25) haq(t/X) = 2o(t) X exp{a;Lateness; + a,Earliness; + BX; + azimr}

Interestingly, results show that while lateness increases the odds of exit, earliness decreases
the likelihood that a customer leaves the dataset. Hazard ratios below (above) 1 indicate a decrease
(increase) in the chances of exit. Model 1 indicates that for 1-minute increase in lateness, holding
all other variables constant, the rate of exit increases by 2.4%. Following this model, a delivery
occurring after 41 minutes would result in a 100% of chance of exit. Conversely, for 1 minute
increase in earliness, holding all other variables constant decreases the chances of exit by 2.3%
(1.000 - 0.977 = 0.023). Similarly, a delivery completed 20 minutes earlier (the max of earliness
for this dataset) would result in a 46% decrease in chances of exit.

Table 22 — Cox proportional hazard regression model for lateness and earliness

1) )
Exit Exit
B Hazard ratio se B Hazard ratio se

Order size -0.000"** 1.000" (0.000) -0.000"** 1.000" (0.000)
Distance from store -0.007"* 0.993"** (0.001) -0.007"* 0.993" (0.001)
N late previous 0.008™™" 1.008™" (0.001) 0.005"™" 1.005"" (0.001)
orders
N early previous 0.007" 1.007" (0.001) -0.000 1.000 (0.001)
orders
Subscription -0.225"*" 0.798"" (0.002) -0.228"*" 0.796™"" (0.002)
Unattended 0.024™** 1.024™ (0.002) 0.023"** 1.023" (0.002)
Imr 0.114™* 1.1217 (0.003)
Month fe YES YES
Day of the week fe YES YES
Clock hour fe YES YES
Store fe YES YES
Lateness 0.024™ 1.024™ (0.003) 0.025"™ 1.026"" (0.003)
Earliness -0.023"* 0.9777 (0.002) -0.023" 0.977" (0.002)
a 180,998.618 182,557.801
McFadden’s pseudo 0.006 0.006
RZ
N 1,355,436 1,355,436

Note: robust standard errors reported in parenthesis. * p <0.1, “p <0.05, ™ p < 0.01, ™ p < 0.005, *™ p < 0.001
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Study 1 — Discussion of results

Findings from Study 1 show the importance of precision in last mile delivery. In contrast to prior
literature findings that distinguish between the negative effect of lateness from the positive effect
of earliness on customer outcomes (Rao, Goldshy, et al., 2011; Akturk et al., 2022), the results of
this study align with recent theorizations on new consumers’ preferences toward the delivery
service (Amorim & DeHoratius, 2021). Specifically, despite theorizing earlines as a positive
disconfirmation, we found that in terms of customers’ outcomes, earliness is also perceived a poor
delivery performance and detrimental for customer outcomes, suggesting that delivery precision
is preferred over speed (Amorim & DeHoratius, 2021; Ta et al., 2023; Zhan et al., 2023). In
addition, while (Amorim & DeHoratius, 2021) report a preference for punctual deliveries (i.e.,
precision) for attended home deliveries, we find the resuts to be significant even controlling for
the variance explained by attended vs unattended deliveries.

The moderation effects of window length and expedited delivery present differential effecs
based on whether the moderator impacts both expectations and performance (window length), or
just expectations (expedited delivery). The moderation effect of delivery window length
intervening before purchase through forming expectations and during the delivery service through
the service experience, opens the discussion to a theoretical and managerial service provision
trade-off. Results reveal that, on the one hand, a shorter delivery window would increase customer
expectations relative to the service delivery. Such higher expectations are harder to meet, and
magnify the negative effect of service failures (lateness or earliness) on customer outcomes. On
the other hand, a longer delivery window reduces customer outcomes, especially at low levels of
lateness and earliness. Customers typically find unpleasant to wait longer to receive the order, as

it increases uncertainty on the wait time (Donohue et al., 2020), though this depends on their
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perception of waiting time (Zohar et al., 2002) (In study 2 we control for respondents’ time
orientation). However, in light of the fact in Figure 19 and Figure 20, short delivery windows
present higher levels of customer outcomes, results would suggest that enhancing the experience
is prioritized over managing expectations. Finally, the non-significant results relative to the
moderation effect on repurchase behaviors suggest that customers, on their next repurchase, may
develop new expectations depending on the window length of the next order delivery.
Interestingly, expectations on the delivery window do not have a carry-over effect on the customer
evaluation process of the third and fourth steps of EDT (Oliver, 1980; Bhattacherjee, 2001).

In contrast, the retailer’s promise for a shorter lead time through an expedited delivery
affects only prior expectations. Results showing a magnifying effect of expedited delivery at
increasing levels of the service failure align with the notion that higher expectations are harder to
meet, and more detrimental in the presence of a negative disconfirmation. Customers paying an
extra fee for a faster delivery should result in extra-careful consideration for such orders.
Interestingly, results show a carryover effect of expedited delivery on the next purchase when the
delivery was early, the same does not hold when the delivery is late. As we discuss in the next
paragraph, we argue that such effect does not apply to the next order size for late deliveries because
customers are less likely to repurchase again. In contrast, this carry-over effect influences the next
purchase after experiencing an early delivery as customers, while placing the next order, will recall
the negative service experience.

Finally, the effect of delivery performance on repurchase behaviors also shows contrasting
results. On the one hand, earliness and lateness reduce the customer’s spending on the next order.
On the other hand, the quadratic effect of earliness on repurchase behaviors and the survival

analysis informs that while customer are less likely to ever repurchase after a late delivery, they
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will return after an early delivery. For the latter, we conclude that customers may be willing to
repurchase from the retailer, but would significantly reduce their spending. As suggested in recent
literature (Lee et al., 2015; Peinkofer & Jin, 2022), an explanation could reside in how service
performance and prior expectations may affect/erode levels of trust and commitment in the
customer-retailer relationship. In the next study, we explore and test hypotheses based on
Commitment Trust Theory (Morgan & Hunt, 1994).

Commitment Trust Theory

Commitment Trust Theory (CTT) derives from the relationship marketing framework, and
suggests that relational exchanges between partners determine the success and failure of
“establishing, developing, and maintaining successful relational exchanges” (Morgan & Hunt,
1994, p. 22). CTT specifies that consumers fall within the category of exchanging partners
(Morgan & Hunt, 1994; Umashankar et al., 2017). Indeed, often customers have been seen as an
exchanging partner trusting and committing effort to the relationship with the retailer (Garbarino
& Johnson, 1999; Sirdeshmukh et al., 2002; Davis-Sramek et al., 2009; Umashankar et al., 2017).
CTT identifies two key determinants of relationship efforts, namely trust and commitment (Kwon
& Suh, 2004). Trust is defined as “confidence in an exchange partner’s reliability and integrity”
(Morgan & Hunt, 1994, p. 23). Relationship commitment is defined as the exchange partner’s
belief on the importance of the relationship and effort to work on the relationship to ensure its
continuity (Morgan & Hunt, 1994; Umashankar et al., 2017). The role of trust and commitment
has been investigated in prior operations and service management literature to determine the value
generated for final customers through customer outcomes (Lee et al., 2015; Dobrzykowski et al.,

2020; Jin et al., 2022; Peinkofer & Jin, 2022).
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In the weakly tied retailer-customer relationship, upon experiencing a service failure,
customers are likely feeling a trust breach in the reliable exchange part (Umashankar et al., 2017).
Since trust is among the most important factors in the relationship, an erosion of trust will
detrimentally affect customer outcomes (Peinkofer & Jin, 2022). Differently, a service failure
affects commitment because in a weakly tied relationship, the exchanging partner (i.e., the
customer) would not provide extra effort to maintain the relationship and will reduce customer
outcomes (Umashankar et al., 2017). However, continuous interaction between these two parties
will provide organizations with useful information about customers’ behavior and help
organizations satisfy customers, which ultimately impacts business performance (Lee et al., 2015).
Thus, we hypothesize the following mediation hypotheses:

Hypothesis H5a: Trust will partially mediate the negative relationship between delivery
performance and customer outcomes.

Hypothesis H5b: Commitment will partially mediate the negative relationship between
delivery performance and customer outcomes.

CTT suggests that behavioral uncertainty, defined as inability to predict a partners’
behavior or changes in the external environment (Umashankar et al., 2017), decreases trust of its
trading partner since it creates a performance evaluation problem. A longer delivery window will
increase the uncertainty of when the delivery is performed. Hence, it will magnify the impact of a
service failure on complaining behaviors.

Hypothesis H6a: Delivery window moderates the indirect effect of delivery performance
on customer outcomes via trust. Specifically, for a longer delivery window, a stronger negative

effect is expected.
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Hypothesis H6b Delivery window moderates the indirect effect of delivery performance on
customer outcomes via trust. Specifically, for a longer delivery window, a stronger negative effect
is expected.

Study 2 — Experiment

We investigated this second set of hypotheses using a scenario-based experiment, which constitute
an appropriate approach to investigate the impact of retailer strategies on customer outcomes
(Eckerd et al., 2021).

Experimental design and vignette creation

The experimental design was based on the results of Study 1 and prior operations management
literature. The results of Study 1 suggests three levels of delivery performance, namely on-time,
late, and early. Prior literature adopting scenario-based experiments operationalized delivery
window length using three increasing levels of length (Agatz et al., 2021). In our scenario, the
three levels are two, five, and eight hours. Hence, we employed a 3 (delivery performance: on-
time, late, early) x 3 (window length: two, five, and eight hours) between subject scenario-based
experiment.

We developed the vignette for the pretest and the main study following recommendations
from (Rungtusanatham et al., 2011). Specifically, in the pre-design stage, we carefully review
extant literature by conducting similar experiments to gain insights relative to the vignette length,
language, and context description (Agatz et al., 2021; Thomas et al., 2022). Next, we design the
common and experimental modules of the scenario as an online grocery shopping order placement
(see scenarios in Appendix D). In the common module, the vignette specified the purchase of a
week’s worth of grocery delivery at Grocer.com, a fictitious online grocery retailer providing the

delivery service. Fictitious names are typically used in scenario-based experiments to control for
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brand effect and avoid that familiarity could influence the responses (Abdulla et al., 2022;
Mollenkopf et al., 2022; Peinkofer & Jin, 2022). We chose a week’s worth of groceries to align
with prior literature and ensure generalizability. Specifically, Agatz et al. (2021) offered
participants a chance to win $100-voucher to shop groceries. Recent evidence found that US
customers spend, on average, $5,259/year (~$100/week) for food at home (U.S. Bureau of Labor
Statistics, 2022). As confirmation, we asked participants to indicate their average weekly bill for
groceries, and found consistent estimations in the pretest (M = $173.11, SD = 105.61) and in the
main study (M = $154.63, SD = 98.01). Table 8 presents the demographics of the samples used
for the pretest and the main study.

In the experimental module, which varied across experimental conditions
(Rungtusanatham et al., 2011), respondents were randomly assigned to one of the three treatments
of the delivery window. This treatment informed participants that they chose a specific delivery
window length because of most convenient for them. Then, within each window length treatment,
we randomly assigned respondents to one alternative time slots of the same time length. Hence,
Participants were asked to select the time slot. In total, we counted five time window alternatives
for the 2 hours delivery window (10 AM — 12 PM; 12 PM - 2 PM; 2 PM — 4 PM; 4 PM - 6 PM;
6 PM — 8 PM), three alternatives for the 5 hours delivery window (10 AM — 3 PM; 1 PM -6 PM;
3 PM - 8 PM), and two alternatives for the 2 hours delivery window (10 AM — 6 PM; 12 PM - 8
PM). This procedure follows (Agatz et al., 2021), who advocates for this experimental design as
it avoids sampling bias. Evidence provided in the section Experimental checks suggests that this
design did not affect how respondents perceived the window length.

Next, participants were exposed to the treatment relative to the delivery performance. The

vignette showed the screenshow of a completed delivery email informing respondents on the

161



delivery window length and delivery time (see Appendix D). Recent industry reports and literature
suggest that emails are the common communication tool to provide consumers with delivery
updates (Retail TouchPoints et al., 2018; Russo et al., 2022). For the on-time delivery, the
manipulation was consistent across all delivery windows and informed participants that the
delivery occurred 15 minutes passed the beginning of the delivery window (i.e., still within the
delivery window). For major delivery platforms, 15-20 minutes is a threshold to account for an
on-time delivery when evaluating a driver’s performance (Doordash.com, 2023; Walmart.com,
2023). This time cushion excludes that the performance of a driver would be affected by external
factors, such as wait time at the merchant. For late and early delivery, we chose to expose
customers to one-hour late and one-hour early delivery, respectively. Holding the experimental
characteristics constant across treatments ensured to control for potential demand effect rising
from different levels of lateness and earliness (Lonati et al., 2018). After the vignette, participants
were asked to complete a survey and respond to demographic questions (see Table 23).
Participants

We recruited participants for the pretest and main study from Prolific Academic, an online
platform often used in operations management literature adopting scenario-based experiments
(Bhatia, 2019; Schneider et al., 2021; Serra-Garcia & Szech, 2023). To ensure the quality of
responses, we recruited participants meeting a set of specific criteria, namely: Reside in the United
States, be at least 18 years old, have at least a 90% approval rate for previously completed studies,
and, for the main study have not participated to the pretest. Upon completing the task (~ 10
minutes), each participants received $2. We held the compensation constant for both the pretest
and the main study. Finally, we used a Qualtrics randomizer to randomly assign respondents to the

nine treatments. We collected a total of 111 responses for the pretest and 642 for the main study
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(see Table 23). Upon removing participants who failed the attention check, manipulation checks,
and did not complete the task, the final sample was 81 for the pretest, and 472 for the main study.

For the main study, we met the threshold 50 observations per cell (Lonati et al., 2018).

Table 23 — Summary of participants demographisc and experimental procedures

Pretest Main study
Initial sample 111 640
Failed screening questions 9 51
Failed attention check 10 17
Incomplete survey 2 23
Failed memory recall check 9 77
Final sample size 81 472
Compensation $2.00 $2.00
Average completion time 9min25s 10 min8s
Average age 34.79 38.12
% Female 43% 49%
Percentage with some college ~ 72.22% 71.19%
Median household income $50,000 - $74,999 $50,000 - $74,999
Purchase channel (% online) 48.89% 47.46%
Delivery area (% Urban) 67% 70%
Married (% Married) 54% 54.89%
Child (% No child) 57% 60.21%
Employed (% Full time) 42% 51.49%
Fam size (% 1 or 2 members) 41% 52.55%
Home (% own) 42% 55.96%
Avg weekly grocery bill $173.11 $154.63
Ethnicity (%White) 60% 56.75%

Experimental checks

Following common practice (Bachrach & Bendoly, 2011; Lonati et al., 2018), we conducted a

series of experimental checks to ensure the validity of our manipulations. Table 24 presents the

results of the experimental checks. Below a detailed description of the results.
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Table 24 — Experimental checks

Delivery performance

Window length

OTvsL OTvsE EvsL 2h vs 5h 2h vs 8h 5h vs 8h
Man check P Fis0 = Fis3 F153 =508.13" F154=290.81" Fi50=331.72" Fu150=75.64"
7-point scale 125.15" 123.83"
MS  Fi33 = Fua5 = Fui310 F1,319 = Fui308 = Fui3u1 =
974.23" 877.54" 2,977.05" 5,672.75" 3,893.12" 905.41"
Man check P 96.30% 93.83%
(% correct) MS  97.25% 96.82%
Confounding P F278=0.01p=10.99 F278=1.05p=0.35
check MS  F2460=0.10p=0.90 F2460 =0.27 p=0.76
Hawthornel P F278 =0.05 p=0.96 F278=0.08 p=0.93
MS  Fau469 =0.62 p=0.54 F2460 =0.32 p=0.72
Hawthorne2 P F278=0.03 p=0.98 F276=0.98 p =0.38
MS  F2460=111p=0.33 F2460 =1.30 p=0.28
Hawthorne3 P F278=193p=0.15 F278=0.68 p=0.51
MS  F2460=0.75p=0.48 F2460 =1.10 p=0.33
Hypotheses MS  F1313=0.04  F1315=0.39 F1,310=0.67 F1310=1.94 F1,308 = 1.00 F1,311 = 0.09
awareness p=0.84 p=0.53 p=0.42 p=0.17 p=0.32 p=0.76
Realism 1 P M=5.99SD=1.26
MS M=593SD=1.32
Realism 2 P M =6.04 SD =0.95
MS M=6.03SD=0.94
Time of the 2h 5h 8h
day effect Fa24=0.75 F224=0.13 F124 =4.09
p =057 p=0.88 p =0.06

Note: “p < 0.01; OT = On-time; L = Late; E = Early; 2h = Two hours; 5h = Five hours; 8h = Eight hours; P = Pretest; MS =

Main Study

First, we conducted a manipulation check in the form of a memory recall check (Abbey &
Meloy, 2017), asking participants to rate on a 7-point scale (1) when the order arrived (1 = Very
early; 4 = On Time; 7 = Very late), and (2) the length of the delivery window (1 = Two hours; 4 =
5 hours; 7 = Eight hours). Table 24 reports the results from a one-way ANOVA comparing each
pair of treatments. From the initial sample, we dropped participants who failed this manipulation
check. Specifically, those exposed to the early condition that rated the order as being delivered on-
time or any level of late (N = 13); those exposed to the on-time condition that rated the order
delivered very early or very late (N = 60); and those exposed to the late condition that rate the
order delivered on-time or any level of early (N = 4). In a post-hoc analysis, we performed the
main analysis, including these removed observations, and found consistent estimations. Next, we

confirmed that no confounding effects across treatments occurred through a one-way ANOVA. In
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addition, we ensured that the different timing of delivery window options did not significantly
affect participants' response to this manipulation check. In the pretest, within group one-way
ANOVA revealed no significant differences among delivery window options. Finally, we also
conducted an additional manipulation check in the form of a memory recall check (Abbey &
Meloy, 2017), asking participants to recall (1) when the order arrived (Late/Early/On-time), and
(2) the length of the selected delivery window (Two hours/Five hours/Eight hours) (Ma, 2017).
We found that both in the pretest and main study, the percentages of respondents who correctly
guessed the manipulations were all above 90%.

We conducted Hawthorne checks to assess if treatments could change the participants goals
and motivations. Three items asking participants to rate the importance of (1) ensuring that the
product is traceable during the delivery, (2) the price of the product, (3) the price of the subscription
plan. We found no significant differences across groups, suggesting that the experimental
conditions did not influence the participants’ three goals.

We ensured the quality of responses by including an attention check in the form of a direct
query (Abbey & Meloy, 2017), screening questions, and several timing checks capturing how long
respondents spent to complete the task, meeting our 10-minute task expectations for the pretest (M
=9.41, SD = 4.87) and the main study (M = 10.14, SD = 6.52). Realism checks were captured on
both the pretest and main study on a 7-point Likert scale adapted from (Dabholkar et al., 1996),
asking participants to rate the extent to which (1) the difficulty to imagine myself in the shopping
situation, and (2) the described shopping scenario was realistic. Results report means ranging from
5.93 to 6.07, suggesting the scenario was deemed realistic.

Finally, we verified whether participants were aware of the research hypotheses, capturing

Perceived awareness of research hypotheses on a 4-item 7-point Likert scale adapted from (a =
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0.95) (Rubin et al., 2010; Nichols et al., 2019). The scale asked participants to rate the extent to
which they (1) know what the researchers are trying to discover in this research, (2) do not know
what the researchers are trying to prove in this research (r), (3) have a good idea about what the
predictions are in this study, and (4) are not sure exactly what the researchers are aiming to prove
in this research (r). One sample t-test shows that the scale mean (M = 3.47, SD = 1.41) is
significantly lower than the scale’s midpoint of 4.00, t(384) = -7.36, p < 0.01. In addition, ANOVA
comparisons produce non-significant results (Table 24). Hence, none of the treatments
significantly improved participants’ guessing of the research hypotheses.

Measures

While the independent variable and moderator of this study were manipulated, the mediators,
dependent variables, and one covariate were captured using multi-item behavioral scales. All
scales were captured on a 7-point Likert scale. We captured Trust and Commitment with two five-
item scales adapted from (Morgan & Hunt, 1994). Satisfaction with the retailer was captured with
a four-item scale adapted from (Garbarino & Johnson, 1999; Davis-Sramek et al., 2009), and
repurchase behaviors with a four-item scale adapted from (Zeithaml et al., 1996). We capture time
orientation, a control variable included in the main estimations, with a four-item scale adapted
from (Kaufman et al., 1991). Table 25 reports each scale items, and Table 26 the pairwise
correlations. Finally, we captured several respondents’ demographics that we operationalized for
the main analysis, as reported in Table 27.

Study 2 — Results

Measurement model

We conducted a confirmatory factor analysis (CFA) on AMOS 28 of a five-factor model, including

trust, commitment, satisfaction with the retailer, repurchase intentions, and time orientation, using
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maximum likelihood estimation. Table 25 summarizes factor loadings, descriptive statistics, and
model fit statistics. The CFA indicates that the model fit statistics are within acceptable limits (Hu
& Bentler, 1999). Convergent validity was confirmed by the average variance extracted (AVE)
and the factor loadings for all substantive variables exceeding the recommended threshold of 0.50
(Fornell & Larcker, 1981). Discriminant validity was confirmed since each pair of constructs’
squared correlation was less than the AVE for each pair of variables (Fornell & Larcker, 1981).
The Cronbach’s alpha(s) were all above the 0.70 threshold, indicating internal consistency
(reliability) of the scale (Nunnally & Bernstein, 1994). Finally, composite reliability (CR) values
exceeded the minimum threshold of 0.60 (Bagozzi & Yi, 1988).

Table 25 — Confirmatory factor analysis and scale items statistics

Measure and individual items

Satisfaction with the retailer (7-point Likert scale: 1= Strongly disagree, 7 = Strongly agree), adapted from M =408,
(Garbarino & Johnson, 1999; Davis-Sramek et al., 2009) SD =176
“Based on the scenario, to what extent do you agree with the following statements?”
Grocer.com comes close to giving me the "perfect" shopping experience 0.943
My current shopping experience with Grocer.com has been superior 0.966
Grocer.com sets itself apart from others because of its superior service 0.933
Grocer.com sets itself apart from others because of its superior service 0.924
AVE = 0.89; Cronbach =0.97, CR =0.97
Repurchase intentions (7-point Likert scale: 1= Strongly disagree, 7 = Strongly agree), adapted from M =421,
(Zeithaml et al., 1996) SD =1.80
“Based on the scenario, to what extent do you agree with the following statements?”
I would continue shopping from Grocer.com 0.956
The next time | need groceries, | will purchase from Grocer.com 0.973
I would consider Grocer.com my first choice to grocery shopping 0.943
I will use the service of Grocer.com in the next months 0.941
AVE = 0.91; Cronbach =0.98, CR =0.98
Trust (7-point Likert scale: 1= Strongly disagree, 7 = Strongly agree), adapted from (Morgan & Hunt, 1994) M =4.18,
“Based on the scenario, to what extent do you agree with the following statements?” SD =155
| feel that I can trust Grocer.com completely 0.823
Grocer.com is truly sincere in its promises 0.874
Grocer.com is honest and truthful with me 0.868
Grocer.com treats me fairly and justly 0.805
| feel that Grocer.com can be counted on to help me when | need it 0.838

AVE = 0.71; Cronbach =0.92, CR = 0.92
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Table 25 (Cont.)

Commitment (7-point Likert scale: 1= Strongly disagree, 7 = Strongly agree), adapted from (Morgan & Hunt,

1994)

“Based on the scenario, to what extent do you agree with the following statements?”

I am proud to be a customer of Grocer.com

I feel a sense of connection to Grocer.com

I care about the long-term success of Grocer.com
I am a loyal patron of Grocer.com

I plan to maintain a long-term relationship with Grocer.com

AVE = 0.71; Cronbach =0.92, CR = 0.92

Time orientation (7-point Likert scale: 1= Strongly disagree, 7 = Strongly agree), adapted from (Kaufman et

al., 1991)

Based on your personal preferences, to what extent do you agree with the following statements?
I do not like to juggle several activities at the same time

People should not try to do many things at once

When | sit down at my desk, | work on one project at a time

I am comfortable doing several things at the same time (r)

AVE = 0.50; Cronbach =0.79, CR = 0.79

M =371,
SD =1.55

0.856
0.78
0.783
0.881
0.893

M =4.09,
SD =0.62

0.853
0.584
0.617
0.725

Model fit
x%=594.07,d.f. =284, y?/d. f.=2.09 (p < 0.01)

SRMR =0.031, GFI = 0.91, CFI = 0.97, RMSEA = 0.05 (90%), CI1 [0.04; 0.05], IFI =0.97, TLI = 0.97.

Note: AVE = Average Variance Extracted. a = Cronbach’s alpha. CR = Composite Reliability. SRMR = Standardized Root
Mean Residual. GFI = Goodness of Fit Index. RMSEA = Root Mean Square Error of Approximation. CFI = Confirmatory Fit
Index. TLI = Tucker-Lewis Index. IFI = Incremental Fit Index.

Table 26 — Pairwise correlations of substantive variables

1) ) @) (4) ®) (6) @)
(1) Satisfaction with the retailer 1.00
(2) Satisfaction with the delivery 0.90"" 1.00
service
(3) Repurchase intentions 0.89"" 0.84™" 1.00
(4) Service recovery expectations 0.54™* 0.51™" 0.52"* 1.00
(5) Trust 0.68™" 0.68™" 0.67"" 0.43™ 1.00
(6) Commitment 0.76™" 0.70™" 0.79"™ 0.48™" 0.60™" 1.00
(7) Time orientation 0.04 0.04 0.02 0.03 0.04 0.05 1.00

Note: * p < 0.05

Table 27 — Operationalization of covariates included in the mediation analysis

Source

Covariate Type Definition

Age Ordinal Participant’s age

Gender Categorical 1 = Female; 0 = Otherwise

Income Binary 1 = Income above sample median; 0 = Otherwise
Education Binary 1 = Some college degree; 0 = Otherwise

Channel Binary 1 = Online; 0 = Otherwise

(Abdulla et al., 2022)
(Abdulla et al., 2022)
(Confente et al., 2021)
(Confente et al., 2021)
(Abdulla et al., 2022)
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Common method bias

We assessed the presence of common method bias using the marker variable procedure
recommended by Williams et al. (2010) and Craighead et al. (2011), and used in recent operations
management literature (Arellano et al., 2021; Franke et al., 2022).

The marker variable technique requires the inclusion of a theoretically unrelated construct
in the survey to determine if the CFA model improves as we include such marker variable. In this
study, we use a variable purposely developed for use as a marker, blue attitude (Simmering et al.,
2015). Blue attitude is a four-item scale measured on a 7-point Likert scale (1 = Strongly disagree,
7 = Strongly agree) that assesses the extent to which participants (1) prefer blue to other colors (2)
like the color blue (3) like blue clothes (4) hope their next car is blue (o = 0.75).

Table 28 — Common method bias tests

Model 12 (df) CFI RMSEA Model description
(90% CI)
1 CFA with marker 822.43 0.963 0.049 The CFA model with the substantive variables and the
variable (384) (0.045, marker variable
0.054)
2 Baseline (uncorrelated ~ 825.89 0.964 0.048 Model 1 but the marker variable is not allowed to
marker) (397) (0.043, correlate with the other variables, and the marker items
0.052) error terms and factor loadings set to the unstandardized
values from model 1
3 Method-C 825.08 0.964 0.048 Model 2 with secondary loadings equal to one another
(constrained) (396) (0.043, from the marker variable to the substantive variables
0.052) items
4 Method-U 807.93 0.963  0.050 Model 2 with secondary loadings allowed to vary freely
(unconstrained) (375) (0.045, from the marker variable to the substantive variables
0.054) items
¥% model comparison Ay? Adf 2 critical
value
Baseline vs Method-C 0.80 1 3.84
Method-C vs Method-U 17.2 21 32.67

Notes: CFA =confirmatory factor analysis; CFI = comparative fit index; RMSEA = root mean square error of approximation.

We estimate and compare the y? test for four models: CFA with marker variable, a baseline
model, method-C model, and method-U model (detailed description and results in Table 28). We
find that modeling the marker variable additional item loadings onto all other substantive variables

does not improve the model fit. The ¥? comparison test show insignificant results (Ay? = 0.80, Adf
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= 1, AyZcritical = 3.84) Thus, common method bias does not constitute a significant bias to our
estimations.

Analysis and Results

We conducted a mediation and moderated mediation analysis via bootstrapping (Rungtusanatham
et al., 2014), using Process Macro v4.3 for SPSS 28 (Hayes, 2018). This estimation tool is based
on ordinary least-squares regression analysis, and effectively estimates mediation effects through
bootstrap confidence intervals (Abdulla et al., 2022; Peinkofer et al., 2022).

We tested the mediation effect for each relevant comparison (e.g., On-Time vs Late; On-
Time vs Early; Early vs Late) using Process Model 4 for parallel mediation, with trust and
commitment as mediators, and separately satisfaction with the retailer and repurchase intentions
as dependent variables (see Figure 26 for the statistical representation of parallel mediation). For
each relevant comparison, the independent variable was operationalized as a binary variable, for
example, On-Time =0 and Late = 1. We performed the analysis including Age, Gender, Education,
Income, Channel, Time orientation as covariates, and with 5,000 bootstrap resamples for te
analysis. Table 29 reports the results of the mediation analysis, including direct effects, indirect
effects, and 95% confidence intervals. The reported direct and indirect effects are all significant at
p < 0.05, since the confidence interval does not include zero (Hayes, 2018).

H5a,b predicted the effect of delivery performance on customer outcomes to be mediated
via trust and commitment. We found that trust and commitment each significantly mediate the
negative relationship between the focal level for every comparison and the dependent variable.
The significant indirect effects suggest that a late (early) delivery, as compared to on-time delivery,

significantly reduce trust, commitment, satisfaction with the retailer, and repurchase intentions.
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Between an early and late delivery, late deliveries present worse results. Hence, H5a,b are

supported.

Process Model 4 — Parallel Mediation

Trust

a; by

Condition

az bz

Commitment

Figure 26 — Statistical diagram and notations for mediation analysis Process Model 4

Table 29 — Mediation results of Process Model 4 with parallel mediation for the effect of Late
(L) and Early (E) on Satisfaction with the retailer (SAT) and Repurchase intentions (REP) via
Trust (T) and Commitment (C)

Condition Focal lever Mediation paths effects Indirect effects [95% CI]  Direct effect [CI]

b = c
XiM—>DV O=axb X 5DV
On-time vs Late  Late L 228 2 sar -0.436 [-0.670; -0.249] L 25 sar
—-1.861 0.434 | _ .
[ TiseL L0 0.808 [-1.078; -0.555]
-1805 0. - g - -0.977
L 225 0220 hep 0.397 [-0.624; -0.212] L REP
-1.861 _ 0.609 _ _ .
[ TL8el 060 brp 1.133 [-1.425; -0.867]
On-time vs Early E S 88 our -0.349 [-0.517; -0.212] £ A oar
Early —
-1.056 _ 0561 i a .
g L0568 058t o 0.592 [-0.826; -0.386]
-1.125 0.291 . -0.397
g M L 0L L -0.327 [-0.491; -0.197] £ REP
-1.056 _ 0.681 i a .
g 1056 0681 pep 0.728 [-0.984; -0.488]
Early vs Late Late g 27 03 -0.248 [-0.411; -0.115] P
—0.859 0.603 _ _ .
g 20859 0603 o 0.518 [-0.734; -0.325]
p 10723 10368 -0.159 [-0.256; -0.079] L %273 pep

085 0682 b -0.350 [-0.485; -0.229]

Note: Reported effects are all significant at p < 0.05. Controls included: Age, Gender, Education, Income, Channel, Time
orientation. Results with 5,000 bootstraps

Next, we performed the moderated mediation analysis with moderation in the first of
mediation using Process Model 7 (see Figure 27 for the statistical representation of parallel

mediation). The moderator, window length was coded as multicategorical. Thus, we set the
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moderator as indicator in the multicategorical option on process macro for SPSS. This option takes
the first group (2 hours) as the reference group, and generates two binary variables (WL1 and
WL2) that compares the reference group to the second group (5 hours), and third group (8 hours)
(Hayes & Montoya, 2017). The significance of the moderated mediation depends on the
significance of the Index of Moderated Mediation confidence interval (i.e., the ClI does not include
zero) (Hayes, 2018). Tables 30-31-32 reports the results for the first stage of mediation, the

conditional indirect effects, and index of moderated mediation.

Process Model 7
Delivery
window
Trust
Condition fF------=-=--=-=—————-—--- ) DV
Commitment

Figure 27 — Statistical diagram and notations for mediation analysis Process Model 7

Results show that window length does not moderate the indirect effects via trust. Thus,
H6a is not supported. Conversely, the index of moderated mediation for the indirect effects via
commitment are significant for the comparison two hours vs eight hours. Hence, H6b is partially
supported. We plotted such significant interactions in Figure 28 for the On-time vs Late
comparison, and Figure 29 for the comparison On-time vs Late. Overall, the plots show lower
levels of commitment for late, early, and longer delivery window. However, while the effect of
window length is stronger for an on-time delivery but does not affect commitment for a late
delivery, in the on-time vs. early comparison, the effect of window length is stronger for an on-

time delivery but does not affect commitment for late delivery.
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Table 30 — Moderated Mediation results for the effect of On-time vs Late on Satisfaction with the retailer (SAT) and Repurchase

Intentions (REP), via Trust (T) and Commitment (C), moderated by Window Length (WL)

On-time vs Late

0
Trust

O]

Commitment

®3)
SAT

4)
REP

Constant 4,732 (0.582) 41117 (0.519) 2.277(0.426) 1.672" (0.461)
Late -1.879™ (0.25) -2.125™ (0.223) -1.452™ (0.135) -0.977" (0.146)
Trust 0.434* (0.048) 0.609" (0.051)
Commitment 0.241"" (0.043) 0.22™" (0.046)
WL 1 (2h vs 5h) -0.26 (0.249) -0.197 (0.222)

WL 2 (2hvs8h)  -0.424" (0.252) -0.636*** (0.225)

Late x WL 1 0.053 (0.351) 0.183 (0.313)

Late x WL 2 0.189 (0.36) 0.644™ (0.321)

Age 0.006 (0.005) 0.009" (0.005) -0.006 (0.004) -0.003 (0.004)
Gender 0.172 (0.156) -0.163 (0.139) -0.006 (0.107) -0.061 (0.116)
Education -0.266 (0.168) -0.061 (0.15) -0.131 (0.114) 0.177 (0.124)
Income -0.174 (0.145) 0.044 (0.13) -0.158 (0.1) -0.305™* (0.108)
Channel 0.111 (0.146) 0.272™ (0.13) 0.096 (0.099) 0.164 (0.108)
Time orientation 0.124 (0.121) 0.12 (0.108) 0.08 (0.082) -0.014 (0.089)
F-value (df) 15,614 (11,300)  21.293"* (11,300) 107.88™ (9,302) 90.99™ (9,302)
R? 0.603 0.662 0.873 0.855

IMM indirect effect via Trust

Indirect effect via Trust

IMM indirect effect via Commitment

Indirect effect via Commitment

IMM WL 1
IMM WL 2
IE WL 2 hours
IE WL 5 hours
IE WL 8 hours
IMM WL 1
IMM WL 2
IE WL 2 hours
IE WL 5 hours
IE WL 8 hours

0.013 (0.084) CI [-0.159,0.177]
0.046 (0.091) CI [-0.134,0.229]
-0.453 (0.117) CI [-0.706,-0.248]
-0.440 (0.118) CI [-0.688,-0.235]
-0.408 (0.116) CI [-0.662,-0.209]
0.079 (0.128) CI [-0.174,0.336]
0.280 (0.139) CI [0.010,0.551]
-0.923 (0.148) CI [-1.230,-0.652]
-0.843 (0.159) CI [-1.181,-0.551]
-0.643 (0.154) CI [-0.981,-0.365]

0.012 (0.077) CI [-0.139,0.167]
0.042 (0.084) CI [-0.115,0.218]
-0.413 (0.118) CI [-0.667,-0.209]
-0.401 (0.116) CI [-0.652,-0.203]
-0.371(0.110) CI [-0.612,-0.187]
0.111 (0.184) CI [-0.253,0.474]
0.392 (0.197) CI [0.013,0.793]
-1.294 (0.173) CI [-1.646,-0.969]
-1.182 (0.194) CI [-1.582,-0.822]
-0.901 (0.181) CI [-1.278,-0.566]

Note: First stage common to both SAT and REP presented in models 1 and 2. " p < 0.1; " p < 0.05; " p < 0.01. Standard error in parenthesis.
Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect effect; Cl = Confidence Interval.
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Table 31 — Moderated Mediation results for the effect of On-time vs Early on Satisfaction with the retailer (SAT) and Repurchase

Intentions (REP), via Trust (T) and Commitment (C), moderated by Window Length (WL)

; 1) 2 (3) 4

On-time vs Early Trust Commitment SAT REP

Constant 5.468™ (0.641) 427 (0.611) 1.986™ (0.453) 1.028" (0.478)

Early -1.444™ (0.281) -1.675™" (0.268) -0.721™ (0.118) -0.358™ (0.125)

Trust 0.561"* (0.044) 0.677"* (0.047)

Commitment 0.311" (0.043) 0.299™ (0.045)

WL 1 (2h vs 5h) -0.272 (0.283) -0.149 (0.27)

WL 2 (2h vs 8h) -0.442 (0.286) -0.591"* (0.273)

Early x WL 1 0.248 (0.397) 0.584 (0.379)

Early x WL 2 0.741" (0.403) 1.324™" (0.384)

Age 0.007 (0.006) 0.008 (0.006) -0.01** (0.004) -0.007 (0.004)

Gender -0.115 (0.171) -0.004 (0.163) -0.018 (0.113) 0.082 (0.12)

Education -0.113 (0.183) 0.181 (0.175) -0.108 (0.121) 0.089 (0.128)

Income -0.024 (0.164) 0.176 (0.157) -0.112 (0.108) -0.061 (0.114)

Channel 0.066 (0.164) 0.410™ (0.157) 0.112 (0.109) 0.143 (0.116)

Time orientation -0.056 (0.133) -0.016 (0.126) -0.053 (0.088) -0.026 (0.093)

F-value (df) 4992 (11,305)  6.751"* (11,305) 72.126™* (9,307) 69.546™* (9,307)

R? 0.391 0.443 0.824 0.819

IMM indirect effect via Trust IMM WL 1 0.077 (0.124) CI [-0.164,0.331] __ 0.074 (0.119) CI [-0.155,0.316]
IMM WL 2 0.230 (0.137) CI [-0.021,0.520]  0.221 (0.134) CI [-0.021,0.508]

Indirect effect via Trust IE WL 2 hours -0.449 (0.119) CI [-0.711,-0.24]  -0.431 (0.117) CI [-0.684,-0.231]
IE WL 5 hours -0.372 (0.104) CI [-0.599,-0.186]  -0.357 (0.105) CI [-0.587,-0.175]
IE WL 8 hours -0.219 (0.105) CI [-0.446,-0.026]  -0.210 (0.102) CI [-0.425,-0.024]

IMM indirect effect via Commitment IMM WL 1 0.327 (0.207) CI [-0.091,0.733]  0.395 (0.248) CI [-0.091,0.874]
IMM WL 2 0.743 (0.228) CI [0.305,1.196] 0.896 (0.273) CI [0.384,1.441]

Indirect effect via Commitment IE WL 2 hours -0.939 (0.173) CI [-1.298,-0.611]  -1.134 (0.197) CI [-1.532,-0.756]
IE WL 5 hours -0.612 (0.160) CI [-0.932,-0.317] -0.738 (0.194) CI [-1.140,-0.383]
IE WL 8 hours -0.197 (0.173) CI [-0.543,0.132]  -0.237 (0.209) CI [-0.651,0.171]

Note: First stage common to both SAT and REP presented in models 1 and 2. " p < 0.1; " p < 0.05; " p < 0.01. Standard error in parenthesis.
Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect effect; Cl = Confidence Interval.
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Table 32 — Moderated Mediation results for the effect of Early vs Late on Satisfaction with the retailer (SAT) and Repurchase

Intentions (REP), via Trust (T) and Commitment (C), moderated by Window Length (WL)

Early vs Late

(1)
Trust

O]

Commitment

®)
SAT

4)
REP

Constant 4.115™ (0.597) 2.752™ (0.548) 1.155™ (0.457) 0.823" (0.442)

Late -0.488" (0.274) -0.463* (0.251) -0.316™ (0.123) -0.273™(0.119)

Trust 0.603* (0.054) 0.682" (0.052)

Commitment 0.343" (0.05) 0.368™" (0.049)

WL 1(2hvs5h)  -0.063 (0.268) 0.437* (0.246)

WL 2 (2h vs 8h) 0.223 (0.276) 0.746™* (0.253)

Late x WL 1 -0.229 (0.385) -0.473 (0.353)

Late x WL 2 -0.496 (0.395) -0.722" (0.363)

Age -0.009 (0.006) 0.0100" (0.006) -0.011** (0.005) -0.003 (0.004)

Gender -0.081 (0.169) -0.017 (0.155) -0.035 (0.124) -0.021 (0.120)

Education 0.205 (0.186) 0.152 (0.17) -0.112 (0.136) 0.033 (0.132)

Income -0.034 (0.159) 0.053 (0.146) -0.287" (0.117) -0.216* (0.113)

Channel 0.230 (0.162) 0.444™ (0.148) -0.067 (0.119) -0.010 (0.115)

Time orientation 0.010 (0.126) -0.057 (0.116) -0.038 (0.091) -0.114 (0.088)

F-value (df) 2.488™ (11,303) 5.119™ (11,303) 51.123™ (9,305) 65.791" (9,305)

R? 0.288 0.396 0.775 0.812

IMM indirect effect via Trust IMM WL 1 -0.078 (0.133) CI [-0.356,0.173]  -0.084 (0.141) CI [-0.369,0.182]
IMM WL 2 -0.170 (0.148) CI [-0.494,0.090]  -0.183 (0.156) CI [-0.508,0.108]

Indirect effect via Trust IE WL 2 hours -0.167 (0.100) CI [-0.376,0.020] ~ -0.180 (0.107) ClI [-0.405,0.020]
IE WL 5 hours -0.246 (0.103) CI [-0.466,-0.072]  -0.264 (0.107) CI [-0.495,-0.076]
IE WL 8 hours -0.337 (0.128) CI [-0.616,-0.121] -0.362 (0.135) CI [-0.658,-0.126]

IMM indirect effect via Commitment IMM WL 1 -0.285 (0.219) CI [-0.741,0.121]  -0.323 (0.241) CI [-0.808,0.147]
IMM WL 2 -0.435 (0.226) CI [-0.897,-0.011]  -0.492 (0.253) CI [-1.004,-0.001]

Indirect effect via Commitment IE WL 2 hours -0.279 (0.156) CI [-0.584,0.020]  -0.316 (0.179) CI [-0.678,0.027]
IE WL 5 hours -0.565 (0.166) CI [-0.910,-0.263]  -0.639 (0.174) CI [-0.995,-0.304]
IE WL 8 hours -0.714 (0.171) CI [-1.074,-0.405]  -0.808 (0.189) ClI [-1.179,-0.449]

Note: First stage common to both SAT and REP presented in models 1 and 2. " p < 0.1; *"p < 0.05; " p < 0.01. Standard error in parenthesis.
Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect effect; Cl = Confidence Interval.
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Robustness checks

We performed a series of sensitivity analysis to ensure the robustness of our estimations (Appendix
F). First, we performed the main analysis without control variables to exclude failed randomization
(Lonati et al., 2018). Results confirm the estimations obtained in the main analysis. Hence, the
experimental design does not suffer from failed randomization. Second, we ensured that social
approval and social desirability did significantly affect the estimations of our model and potentially

create demand effect (Lonati et al., 2018). We used multiple strategies and common practices to
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address social desirability bias. First, we ensured participants anonymity to exclude any bias
related to participants answering the survey to be favorably viewed (Eckerd et al., 2021). Second,
we ensured participants that there were no right or wrong answers (Fisher, 1993). Finally, we
collected an additional 4-items 7-point (1 = strongly disagree; 7 = strongly agree) scale (0. = 0.81)
adapted from (Fisher, 1993), to assess the extent to which the participant (1) I sometimes feel
resentful when 1 don't get my way, (2) There have been times when | felt like rebelling against
people in authority even though | knew they were right, (3) There have been times when | was
quite jealous of the good fortune of others, and (4) | am sometimes irritated by people who ask
favors of me. We added this scale as additional control to the main analyses and found consistent
estimations. Hence, participants’ social desirability is not a concern in this study. Third, we
performed the analysis including the 77 observations deleted due to failed manipulation check, to
avoid any issue related to sample bias. Results reported in Tables 51-52-53-54 provide similar
estimations to the main analysis, hence excluding that the 77 removed observations could affect
the models.

Study 2 — Discussion of results

The results of Study 2 confirms and expands the results of Study 1. First, Study 2 confirms the
negative effect of late and early deliveries on customer outcomes. This suggests that the negative
direct effect of early and late is confirmed in terms of both generalizability using the archival
dataset, and internal validity using the experiment. Second, this result support the claim from Study
1 that a mediation effect occurs when customers evaluate and compare the service provision with
prior expectation. Specifically, a negative disconfirmation decreases the relationship value for the
customer, as it erodes trust and commitment. This is especially important to reconcile the

contrasting findings relative to repurchase intentions. We claim that customers experiencing an
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early delivery will decrease their trust and commitment to the relationship. Hence, while they may
still engage in patronage behaviors, their spending will decrease.

Second, Study 2 confirms the negative effect of delivery window on customer outcomes.
However, it also shows the difference between an appointment delivery (Two hours) and longer
delivery window (Eight hours) for which customers perceive greater uncertainty. As a
consequence, customers seem preferring an early delivery instead of facing the uncertainty of a
eight-hour delivery window, with better results in terms of commitment, and indirectly to customer
outcomes. Overall, when trust is breached, customers do not differentiate between delivery
windows as prior expectations will not matter in terms of trusting the service provider.

Third, the post-hoc analysis on reviews informs on customers complaining behaviors
(Umashankar et al., 2017). While rating lower level of relationship commitment, customers
exposed to early and late conditions would put extra effort to inform the retailer relative to the
poor performance, inform other customers, and eventually to correct the next delivery service.
Traditionally, literature has linked service failures to negative word-of-mouth (Griffis, Rao,
Goldsby, & Niranjan, 2012; Koufteros et al., 2014; Karamana, 2021; Jin et al., 2022). Recent
literature suggest that complaining is not necessarily evil for relationship commitment
(Umashankar et al., 2017). We show that customers experiencing a service failure would commit
less to the relationship, yet offer their effort to inform the retailer.

Conclusions, limitations, and directions for future research

Theoretical Contributions

This study presents three overarching theoretical contributions. First, the importance of customers’
evolving expectations on last mile delivery. Past literature emphasized the crucial role of delivery

speed (Collier & Bienstock, 2006a; Rao, Goldsby, et al., 2011; Daugherty et al., 2019; M. Fisher

178



et al., 2019; Akturk et al., 2022). In contrast, recent developments suggest that, as customers
become more familiar with home deliveries, they are willing to sacrify service over to gain in
service precision (Amorim & DeHoratius, 2021). Our results expand the literature as it offers one
of the first studies to find evidence on this growing trend.

Second, we inform prior literature on the trade-off between setting expectations and
ensuring the performance. EDT would suggest that managing expectations is of key importance to
ensure a positive (or less detrimental) outcome. CTT, instead, would suggest that such expectations
impact the relationship but through customers committing to it. Hence, we extend EDT by
including the mediation role of commitment onto the relationship. Specifically, not meeting
increasing expectations (late delivery combined to a short window or early delivery combined to
a longer window) does not inherently produce lower outcomes for the customer-retailer
relationship.

Consequently, this study also identifies contribute to the ongoing discussion on customer
segmentation relative to the delivery service (Nguyen et al., 2019). With a longer delivery window,
late and early deliveries result in a seemingly or better outcome. Promising a shorter window,
instead, requires extra effort to deliver within the window. Following operations management
literature on travel time predictors (W. Shang & Liu, 2011; Lim et al., 2020, 2023; Stroh et al.,
2022), we contribute to this research stream by adding the importance of segmenting based on the
promised delivery window. Finally, we also offer contributions in terms of delivery service design.
For longer delivery windows, an efficient delivery service may be preferrable, even if it affects
customer outcomes, for example in terms of delivery density (Boyer & Hult, 2006; Wang,

Rabinovich, & Guda, 2022). Holding that a service failure is detrimental for the customer-retailer
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relationship, we inform prior literature that this effect is contingent upon the managing the
expectations as well as the relationship with the customer.
Managerial Contributions
This study also offers several managerial contributions. First, it informs managers on the
detrimental effects of lateness and earliness, especially in terms of repurchase intentions. In the
crowdshipping context, customers expecting punctual deliveries would not repurchase in the same
channel after experiencing 40 minutes of lateness. Conversely, earliness would result in a customer
return, though also provokes trust erosion and a decrease in commitment. We encourage retailers
to design their delivery service to avoid both delivery outcomes, but privilege earliness over
lateness when resolving a trade-off on efficiency. For example, assigning multiple orders to the
same delivery task will increase density and create efficiency, but it may result in either an early
or late order. When retailers face this choice, we encourage them to choose earliness over lateness.

The second overarching managerial contribution results from the recommended customer
segmentations based on the promised delivery window. A longer delivery window will give extra
slack to designing the delivery service. Retailers may limit the shorter time slots to ensure an on-
time delivery on the fewer offered. Alternatively, retailers could offer an alternative channel to
shorter delivery slots. Research could further investigate the interplay between service scarcity in
terms of fewer shorter delivery slots, and product scarcity in terms of postponing the delivery
service to ensure an on-time in-full delivery. This has become even more important in unattended
deliveries, where customers positively evaluate greater flexibility given by the longer delivery
window (Olsson et al., 2023).

Finally, we remark on the importance, for online retailers, to recognize the evolving

relationship with the customer, who provides feedback and commit extra effort to improve the
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delivery service. As an integral part of customer shopping experience, last-mile delivery replaces
the in-store experience (Daugherty et al., 2019). Online retailers and delivery platforms may
accurately learn from customers feedback, as it constitutes the only chance for customers to
eventually complain about their experience (Akturk et al., 2022).

Limitations and directions for future research

As with every empirical study, this work presents limitations. First, both studies were focused on
the growing market of grocery deliveries performed by crowdshipping platforms. While industry
reports show encouraging trends, with an expected growth up to $600 billion for the grocery
delivery industry and a growing percentage of customers shifting from click&collect to home
deliveries (Chandra et al., 2022), we encourage researchers and practitioners to carefully evaluate
the results of this studies and consider the limitations of the dataset and the experimental scenario.
For example, a common limitation of these analysis is the impossibility to track customers’
purchasing behaviors across channels. For example, a customer may have experienced a late home
delivery and never request it again, though being loyal to the retailer. We share this limitation with
other studies (Lim et al., 2020), and encourage future research to further investigate cross-channel
customers’ behaviors (Peinkofer et al., 2022).

Second, despite our efforts to carefully review the last-mile delivery and crowdshipping
literature, we focus the moderation effects on only two delivery characteristics. We encourage
future research to further explore alternative factors influencing customers prior expectations. Our
effort to control for multiple explaining variables can be extended by future research to investigate
the moderation effect of, for example, product value and product type (Thirumalai & Sinha, 2005;
Nguyen et al., 2019), delivery areas (Merkert et al., 2022), and customers attribution of liability

for the delivery failure to which entity of the service chain.
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Finally, we investigated these research questions under the lenses of EDT and CTT, two
established theories in retail supply chain research (Umashankar et al., 2017; Akturk et al., 2022).
Future research could adopt alternative theoretical background to investigate how delivery
performance affect customers’ emotional reactions though cognitive appraisal theory (Watson &
Spence, 2007; Ta et al., 2023), and their satisfaction with the service design, especially in terms of

service recovery after experiencing a delivery failure (Dixon & Verma, 2013; Dixon et al., 2017)
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V. Conclusion

This dissertation investigates the growing phenomenon of crowdshipping delivery, which has
impacted the last mile delivery industry by providing an alternative outsourcing solution to face
the rising challenges related to delivery service supply scarcity, uncertainty in driver-customer
interaction, and increasing customer expectations (Benjaafar et al., 2019; Daugherty, Bolumole,
& Grawe, 2019; Ta et al., 2023). Specifically, this dissertation is an effort to look into the final
stage of the order fulfillment process in the crowdshipping context, which is often preferred to
third-party logistics outsourcing for hybrid delivery systems by major retailer (Safdar, 2017,
Castillo et al., 2022). We investigate the research questions of this dissertation through a multi-
method design approach, complementing a rich archival dataset comprised of several million
orders retrieved from a Fortune 100 retail crowdshipping platform, with publicly available archival
data, and scenario-based experiments.

Essay 1 addresses the first challenge by investigating delivery service providers supply
uncertainty. Specifically, essay 1 studies the impact of delivery task remuneration and operational
characteristics on drivers’ pre-task (Acceptance response time), task (Service time), and post-task
behaviors (Driver retention). We found that monetary incentives are not the sole factor influencing
drivers’ behaviors. Drivers also consider the operational characteristics of the task when accepting,
performing, and evaluating a delivery. In the on-demand context of crowshipping delivery, where
every minute counts, tasks with greater delivery density can reduce the acceptance response time
up to 5 minutes, and the service time by an additional 7 minutes. Considering that service time
(i.e., how long it takes for a driver to complete the delivery task) averages 15 minutes, a denser
task brings two advantages. On the one hand, the platform could count on an additional driver

available for deliveries, which results in, for example, offering an extra time slot to customers. On

200



the other hand, the platform faces supply scarcity as not requesting an extra driver to be available
in the system. Conversely, drivers seem to prefer standard to expedited deliveries, with chances
that an expedited delivery would take 4.5 minutes longer to be accepted. Considering the nature
of an expedited delivery, which requires an extra time effort from fulfillment operations, 4.5
minutes can severely impact the platform performance and customer outcomes. Finally, supply
uncertainty is also driven by the dramatic survival rate of delivery drivers. Monetary incentives,
in this case, play the major role to driver retention, with an increase of chances to retain the driver
growing from 15% to 35% given an increase of $100 of total remuneration on a given day (i.e.,
$100 corresponds to 10 completed deliveries), though a larger compensation reduces the frequency
with which drivers perform deliveries.

The second study examines a driver’s learning experience relative to a delivery task and
the context where the delivery took place. Results show the positive impact of driver familiarity
on delivery time performance, with a 14% decrease in tardiness for every additional visit of a
driver to a customer, and a saving of 2 minutes of tardiness after the third visit. We also
investigated the moderation roles of repeating a delivery type and the context of delivery. We
found that repeating a delivery type significantly improves performance and potentially reduces
tardiness by 1.5 minutes (below, we explain why 1 minute of tardiness matters). However, the
effect of repeating the delivery type vanishes as drivers gain more familiarity with the customer.
This is especially important for unattended deliveries, which are more difficult to perform for
delivery drivers. Finally, despite urban deliveries presenting worse delivery time performance, the
interplay with familiarity does not seem to significantly impact the performance. That is, the

delivery context does not affect how familiarity improves delivery time performance.
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Finally, Essay 3 focuses on how delivery performance (lateness and earliness) shape
customers’ experience and repurchase behavior with the retailer, and examines important
contingency factors in these relationships, namely delivery window length and expedited delivery.
Findings from econometric analysis and a scenario-based experiment confirm that late deliveries
decrease customer outcomes, with an increase in chances to lose a customer by 2.4% every 1
minute of lateness from the end of the delivery window, but informs that early deliveries also
present worse customer outcomes in terms of satisfaction and repurchase behavior, while it
decreases the chances to lose a customer by 2.3% for every 1 minute of earliness. This study also
show the trade-off between offering a two-hour window vs an eight-hour window. The former
increases customer expectations that are more difficult to meet but improves the service
experience. The latter decreases expectations but dissatisfies customers, who would consistently
provide a 1-star rating when facing a delivery failure. Finally, the experiment further informs on
the key role of trust and commitment in the customer-retailer relationship. Delivery failures erode
trust regardless of prior expectations. Conversely, customers rata higher levels of commitment
when an early delivery occurs with longer delivery windows as compared to a shorter one. Overall,
this study informs theory and retailers on the importance of managing delivery window slots and
delivery performance, as an effort to effectively handle consumers' time-related expectations on
the last mile delivery service.

This research endeavor offers some overarching theoretical contributions for supply chain
and operations management literature. First, as supply chains develop and embrace new sharing
economy business models, relationship ties become of key importance for a successful delivery
provision. Specifically, retaining drivers allows to improve service provision, and retaining

customers increases delivery volumes, which in turn affects driver retention and potentially
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generates driver-customer familiarity. In crowdshipping, this spiral mutually nourishing
relationships effect refers to the network effect, which requires, to start, a larger number of drivers
than customers (Apte & Davis, 2019; Cullen & Farronato, 2021; Mittal et al., 2021). The
conclusion is that retailers and platforms should first invest in expanding the delivery provider
supply capacity, but targeting drivers who deliver consistently and are loyal.

Second, as the operations management literature on crowdshipping concentrate their
efforts to improve delivery system design and fulfillment operations performance (Benjaafar &
Hu, 2020; Mao et al., 2022), we inform this literature focusing on the importance, in this context,
of time constraints. Specifically, we emphasize the importance of every minutes. For example, a
12 minutes saving in delivery operations determines a 28.8% increases chances of a customer
repurchase a 1.5 minutes of tardiness saved due to driver-customer familiarity (recall the network
effect), result in the chance to retain the customer by 2.4%.

As we transition to the overarching managerial contributions of this dissertation, we
reconcile here the trade-off between the two-hour vs. eight-hour window with the results of the
other two studies. An eight-hour window ensures greater flexibility and efficiency in the design of
the last mile delivery service. Hence, platforms have a chance to increase density by consolidating
deliveries in fewer delivery tasks to attract drivers and improve delivery performance. However,
customers favorably perceive a two-hour delivery window instead. A solution resides in
segmenting customers and delivery service. For example, a viable solution is limiting the two-hour
slots only to the most profitable customers or premium customers could significantly improve
performance, knowing that such a promise requires a platform’s extra effort in recruiting delivery

drivers.
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This dissertation expands the knowledge on last mile delivery and crowdshipping. The
purpose of this research endeavor is to unveil the complexities residing in new sharing economy
business models for last mile delivery, and address them adopting a supply chain and operations
management perspective. We recommend managers to identify and retain those drivers who
perform a consistent amount of deliveries and regularly delivers for the platform, to segment
customers and assign a premium service level to the most profitable customers, and to focus on
the relationship development with the final customer.
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V1. Appendices

Appendix A — Essay 1 Robustness check and post-hoc analysis

Robustness checks — Acceptance response time

We performed a series of sensitivity analyses to ensure the robustness of our estimations. First, we
ensured that the method adopted to address endogeneity for sample bias did not affect the
estimations. Hence, we computed the inverse mills ratio replacing delivery zones with zip codes
fixed effects as predictors in the first stage, with the intention to capture at more granular level
potential differences occurring even among zip codes within the same delivery zones. Results
reported in Table 33 for Remuneration provide consistent estimations.

Table 33 — Robustness check results of Table 7 with imr computed with zip code fixed effects

1) ) 3)
In (4;) In (4;) In (4;)

B se B se B se
cumsq -0.080"™"  (0.002) -0.081™" (0.002) -0.081™*  (0.002)
expy -0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
dist; -0.000 (0.009) 0.000 (0.009) 0.000 (0.009)
ageg -0.005™"  (0.000) -0.005™"" (0.000) -0.005™"  (0.000)
ndr, -0.006™"  (0.001) -0.004™"" (0.001) -0.004™*  (0.001)
nor; 0.217"™  (0.005) 0.367 (0.006) 0.367"  (0.006)
nun; 0.053""  (0.003) 0.000 (0.003) -0.000 (0.003)
imr -1.287"  (0.019) -1.3737 (0.020) -1.374™"  (0.020)
Store fe YES YES YES
Month fe YES YES YES
Day of the week fe YES YES YES
Time of the day fe YES YES YES
Remuneration -0.028™  (0.000) -0.029"  (0.000) -0.030™  (0.000)
Density -0.196™*  (0.003) -0.205™  (0.003)
Expedited 0.258"™*  (0.007) 0.294™**  (0.008)
Remuneration x Density -0.005™™  (0.000)
Remuneration x Expedited 0.010™  (0.001)
Constant 1.602"  (0.029) 1.483™ (0.028) 1.483™"  (0.028)
r2 0.080 0.085 0.085
r2 adjusted 0.080 0.085 0.085
N 1,667,993 1,667,993 1,667,993
F 1693.816™"" 1641.915™" 1516.479™

Note: 4; is Acceptance response time (minutes). *p <0.1, “p <0.05, ™ p < 0.01, ™ p < 0.005, ™ p < 0.001.
Reported robust standard errors are clustered on driver ID.
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Second, we ensured that the estimation model was not a source of endogeneity. Hence, we
adopted a Poisson regression to test the set of hypotheses on A; (i.e., not In transformed). Results
reported in Table 34 for Remuneration provide consistent estimations.

Table 34 — Robustness check results of Table 7 with Poisson regression

1) ) 3)

A; A; A;

B se B se B se
Cumsq -0.025" (0.002) -0.024™ (0.002) -0.024™*  (0.002)
expy 0.002*  (0.000) 0.002°™  (0.000) 0.002°*  (0.000)
dist; -0.000 (0.008) -0.001 (0.008) -0.001 (0.008)
agey -0.005™*  (0.000) -0.005™  (0.000) -0.005™*  (0.000)
ndr, -0.006™*  (0.000) -0.005™  (0.000) -0.005™*  (0.000)
nor; 0.269  (0.004) 0.283"  (0.005) 0.282°*  (0.005)
nun; 0.012™  (0.003) -0.022"™  (0.003) -0.021™*  (0.003)
imr -1.026™*  (0.016) -1.037"™  (0.017) -1.039™  (0.017)
Store fe YES YES YES
Month fe YES YES YES
Day of the week fe YES YES YES
Time of the day fe YES YES YES
Remuneration -0.014™*  (0.000) -0.015™  (0.000) -0.017"  (0.000)
Density -0.156™  (0.003) -0.165™  (0.003)
Expedited -0.160"  (0.006) -0.093"*  (0.007)
Remuneration x Density -0.005™*  (0.000)
Remuneration x Expedited 0.019"™  (0.001)
Constant 2,788 (0.022) 2.834  (0.022) 2.834"  (0.022)
e 41290.110 44620.495 45708.295
N 1,667,993 1,667,993 1,667,993

Note: 4; is Acceptance response time (minutes). *p <0.1, “p <0.05, ™ p < 0.01, ™ p < 0.005, ™ p < 0.001.
Reported robust standard errors are clustered on driver ID.

Robustness checks — Service time
We performed the same estimations but including the inverse mills ratio computed with zip code

fixed effects. Results on Table 35 confirm the same estimations.
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Table 35 — Robustness check results of Table 7 with imr computed with zip code fixed effects

1) ) )
ST; ST; ST;
B se B se B se

cumsq -0.228™™  (0.006) -0.219™ (0.005) -0.220™" (0.005)
expg -0.015™™  (0.001) -0.011™ (0.001) -0.011™ (0.001)
dist; 0.104™* (0.034) 0.089™" (0.031) 0.089™" (0.031)
ageq 0.022"*  (0.002) 0.020™ (0.001) 0.020™™ (0.001)
ndr, -0.011™™  (0.001) 0.019™™ (0.001) 0.019™™ (0.001)
nor; 0.501™*  (0.017) 1.482 (0.021) 1.4817 (0.021)
nun; 5.724™  (0.017) 4,831 (0.016) 4.808™" (0.016)
Imr zip -0.630™  (0.069) -1.200"* (0.066) -1.2117 (0.066)
Store fe YES YES YES
Month fe YES YES YES
Day of the week fe YES YES YES
Time of the day fe YES YES YES
Remuneration 0.073™*  (0.001) 0.048™ (0.001) 0.043™ (0.001)
Density -3.699™" (0.012) -3.785™" (0.013)
Expedited -1.244™ (0.022) -1.202" (0.025)
Remuneration x Density -0.052™  (0.002)
Remuneration x Expedited 0.006* (0.003)
Constant 6.114™"  (0.094) 6.488™" (0.087) 6.507"" (0.087)
r2 0.203 0.305 0.306
r2 adjusted 0.203 0.305 0.306
N 1,667,993 1,667,993 1,667,993
F 8575.988""" 13163.886™" 12387.741™

Note: ST; is Service time (minutes). * p < 0.1, " p < 0.05, ™ p < 0.01, ™ p < 0.005, ™" p < 0.001. Reported robust standard
errors are clustered on driver ID.

Robustness checks — Survival analysis

We performed the same estimations with different estimation models. Specifically, we performed
the same set of estimation analyses but utilized a fully parametric proportional hazard regression
model, which allowed us to specify the distribution of the hazard rate (Bradburn et al., 2003).
Following the literature (Bhattacharjee et al., 2007; Azadegan, Patel, & Parida, 2013; Tereyagoglu,
Fader, & Veeraraghavan, 2017; De Vries, Roy, & De Koster, 2018; Batt et al., 2019; Li et al.,
2022), we specify a Weibull distribution for the hazard rate. Table 36 reports the estimations when

specifying a Weibull distribution, which are consistent with the results of the main analysis.

207



Table 36 — Cox proportional hazard regression model specifying a Weibull distribution for

remuneration per day

1) )
DRAT,, DRAT,,
B se B se

expay 0.005™"* (0.000)
ntaskgq, -0.159"* (0.006)
ndr, 0.001™ (0.000)
Month fe YES
Day of the week fe YES
Time of the day fe YES
Remuneration day -0.005™ (0.000) -0.000 (0.000)
Constant -2.087" (0.008) -2.941 (0.019)
Y 4850.891 70054.69
N 862,199 862,199
N clusters 77,561 77,561

Note: DRATY,, is driver attrition. * p < 0.1, " p < 0.05, ™ p <0.01, ™ p < 0.005, ™" p < 0.001. Reported robust standard

errors are clustered on driver ID.

In addition, we performed the same set of estimation analyses but utilizing Aalen’s additive
hazard model (Aalen, 1989), which allows more flexibility than a proportional hazard model when
incorporating time-dependent covariates (Bradburn et al., 2003). Prior literature found this
methodology useful in investigating supply chain and operations management research questions
(Ramasubbu & Kemerer, 2016; Mao et al., 2019). The estimations in Table 37 provide consistent

estimations: Remuneration day has a negative effect on the odds of a driver disappearing from the

dataset.

Table 37 — Aalen’s additive hazard model estimations for remuneration per day

) )
DRAT,, DRAT,,,

B z p B z p
expay -0.00100 56.547 0.000
ntaskg, -0.01332 -21.182 0.000
ndr, 0.00008 9.143 0.000
Month fe YES
Day of the week fe YES
Time of the day fe YES
Remuneration day -0.00110 -81.762 0.000 -0.00001 -6.005 0.000
Constant 0.13875 209.716 0.000 0.08333 65.828 0.000
McFadden’s pseudo R? 0.966 0.999
N 862,199 862,199

Note: DRATY,, is driver attrition. * p < 0.1, “p < 0.05, ™ p <0.01, ™ p < 0.005, ™ p < 0.001.

are clustered on driver ID.
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Appendix B — Essay 2 Robustness check and post-hoc analysis

Robustness checks

To assess the robustness of these estimations, we performed a series of robustness checks. First,

we addressed endogeneity relative to the estimation model, by performing the same analysis in

Table 15 but replacing the dependent variable Tardiness with a binary variable Delivery

Performance, taking 1 if the order was late, 0 otherwise, and adopting a Logit Regression.

Estimations reported in Table 38 show consistent results.

Next, we performed the same analysis of Table 15, but including an additional control

variable (Restart), which is an indicator taking 1 if order i was the first in a given day for the driver.

Prior literature discusses the importance of the warm-up effect that a worker may suffer on the

first task of the day (Ibanez et al., 2018). Estimations included in Table 39 report similar results.

Table 38 — Robustness check results of Table 4 — Estimations with Logit Regression and Binary
Dependent Variable Delivery Performance (1 = late; O otherwise)

1) ) ©)
Del Perf Del Perf Del Perf

B se B se B se
Distance from store 0.221™* (0.001) 0.222"** (0.001) 0.222" 0.221"™
Driver age -0.005™** (0.000) -0.005™** (0.000) -0.005"** -0.005"**
Customer subscription -0.632™" (0.004) -0.631" (0.004) -0.630™"" -0.632""
Order size -0.024™* (0.000) -0.024™* (0.000) -0.024"* -0.024"*
Expedited -2.285™"" (0.016) -2.287" (0.016) -2.287 -2.285"*"
Driver fatigue 0.010™™ (0.002) 0.010™™ (0.002) 0.010™™ 0.010™™
Store fe YES YES YES
Month fe YES YES YES
Delivery day of the week fe YES YES YES
Delivery hour fe YES YES YES
Familiarity -0.175™ (0.006) -0.1277 (0.006) -0.150"* (0.009)
Delivery type repetition -0.183"" (0.011) -0.283™"" (0.015)
Urban 0.055™* (0.007) 0.054™* (0.007)
Repeat unattended x 0.110™™ (0.011)
Familiarity
Urban x Familiarity -0.026" (0.010)
Constant -0.678"" (0.164) -0.708™* (0.164) -0.712° (0.164)
A 183866.669 184992.035 185100.633
Pseudo-R2 0.230 0.230 0.230
N 6,963,868 6,963,868 6,963,868

Note: *p <0.1, " p <0.05, ™ p <0.01, ™ p <0.005, ™ p < 0.001; Reported robust standard errors are clustered on driver ID.
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Table 39 — Robustness check results of Table 4 — Poisson Regression Estimations including

Restart
1) @) ®)
Tardiness Tardiness Tardiness
B se B se B se
Distance from store 0.214™ (0.001) 0.214™ (0.001) 0.214™ (0.001)
Driver age -0.001™" (0.000) -0.001™ (0.000) -0.001™ (0.000)
Customer subscription -0.382" (0.003) -0.382"™ (0.003) -0.381" (0.003)
Order size -0.023"" (0.000) -0.023"" (0.000) -0.023™" (0.000)
Expedited -1.755™ (0.018) -1.756™ (0.018) -1.756™ (0.018)
Driver fatigue 0.004™* (0.001) 0.004™* (0.001) 0.004"™ (0.001)
Restart -0.049" (0.005) -0.049" (0.005) -0.049™ (0.005)
Store fe YES YES YES
Month fe YES YES YES
Delivery day of the week fe YES YES YES
Delivery hour fe YES YES YES
Familiarity -0.152™" (0.005) -0.111™ (0.005) -0.120™"" (0.008)
Delivery type repetition -0.158™" (0.010) -0.220™"" (0.015)
Urban 0.042 (0.005) 0.041™ (0.005)
Repeat unattended x 0.065™" (0.011)
Familiarity
Urban x Familiarity -0.019" (0.009)
Constant 3.484™ (0.127) 3.4617 (0.126) 3.459"™ (0.126)
a 337614.456 339198.301 339342.155
Pseudo-R2 0.297 0.297 0.298
N 6,963,868 6,963,868 6,963,868

Note: *p < 0.1, "p <0.05, ™ p <0.01, ™ p <0.005, ™ p < 0.001; Reported robust standard errors are clustered on driver ID.

Post-hoc analysis

We performed a post-hoc analysis to explore which delivery type between unattended and attended
worsen the delivery performance. Hence, we assessed whether the characteristics of the task
(attended vs unattended) present intrinsic difficulties for delivery drivers. We performed the
estimations of Table 15 but replacing Repeat unattended with a binary variable with value 1 if the
delivery of order 1 is unattended (i.e., we do not account for a driver’s prior experience in

completing an unattended delivery). Interestingly, estimations reported in Table 40 show that

unattended deliveries a more challenging to perform.
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Table 40 — Robustness check results of Table 4 — Poisson Regression Estimations with
moderators Binary Variables Unattended and Urban

1) @) ®)
Tardiness Tardiness Tardiness
B se B se B se

Distance from store 0.215™ (0.001) 0.214™ (0.001) 0.214™ (0.001)
Driver age -0.001™" (0.000) -0.001™ (0.000) -0.001™ (0.000)
Customer subscription -0.383"™ (0.002) -0.379™™ (0.002) -0.379" (0.002)
Order size -0.023"" (0.000) -0.023"" (0.000) -0.023™" (0.000)
Expedited -1.762™" (0.013) -1.755™" (0.013) -1.755™" (0.013)
Driver fatigue 0.005™* (0.001) 0.005™ (0.001) 0.005™ (0.001)
Store fe YES YES YES

Month fe YES YES YES

Delivery day of the week fe YES YES YES

Delivery hour fe YES YES YES

Familiarity -0.152™" (0.004) -0.155™" (0.004) -0.241™ (0.013)
Unattended 0.165™" (0.004) 0.172"* (0.004)
Urban 0.043™** (0.005) 0.042" (0.005)
Unattended x Familiarity 0.105™" (0.012)
Urban x Familiarity -0.019" (0.008)
Constant 3.458™ (0.114) 3.278™ (0.114) 3.2727 (0.114)
a 413167.736 416030.523 416409.643

Pseudo-R2 0.297 0.298 0.298

N 13,927,531 13,927,531 13,927,531

Note: *p <0.1, "p <0.05, ™ p <0.01, ™ p <0.005, ™ p < 0.001; Reported robust standard errors are clustered on driver ID.
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Appendix C — Essay 3: Study 1 sensitivity analysis

Endogeneity for sample bias

Despite our effort to ensure the validity of the measures and dataset, we investigated whether the
presence of the customer rating in the dataset was not affected by endogeneity for sample bias,
which could affect the analysis. Hence, following recommended practices to address sample
selection bias (Lu et al., 2018), we consider whether the estimated effects of such smaller sample
could systematically bias the estimations due to unobservable factors. First, following recent
operations management literature (Alexander, Boone, & Lynn, 2021), we used a logit regression
utilizing the full sample (~14 million orders) to determine the effect of the key variables of interest
and control variables on the likelihood that a customer provides the rating. Table 41 (Model 1)
reports the results. We found that the characteristics of the delivery, of the customer, and the
delivery performance may affect whether the customer rated the delivery.

Table 41 — Results estimation models to address endogeneity for sample bias

1) )
Rating provided order i Rating provided order i

B se B se
order size 0.004™* (0.000)
distance from store -0.039™" (0.001)
n late previous orders -0.035™™ (0.001)
n early previous orders -0.053™"" (0.001)
subscription 0.126™" (0.003)
unattended -0.506™"" (0.003)
Lateness -0.009™" (0.000)
Earliness 0.002"** (0.000)
Window length -1.663™" (0.002)
Expedited 0.285™"* (0.004)
Rating provided order i- 1.047 (0.001)
1
Intercept -0.192™ (0.071) -1.400" (0.037)
Month fe YES YES
Day of the week fe YES YES
Time of the day fe YES YES
A 1185888.377 741217.422
McFadden’s pseudo R? 0.125 0.081
N 14,251,769 14,251,769

Note: *p <0.1, " p <0.05, ™ p <0.01, ™ p <0.005, ™ p < 0.001. Robust standard errors reported in parenthesis.
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In light of these results, to avoid this source of endogeneity, we adopt the Heckman’s
sample selection model (Heckman, 1979). We computed the Inverse-Mills ratio, and included it
as a control variables. We estimated the Inverse-Mills ratio through a probit regression predicting
the occurrence of observing customer rating in the dataset (Gambeta, Koka, & Hoskisson, 2019).
Thus, we calculated the probability that a customer rated the delivery experience of order i utilizing
the full sample (~14 million orders) including PrevRating;_4., a predictor not included in the
main regression model to meet the exclusion restriction (Shang et al., 2017). We performed the
probit regression on a binary dependent variable (Rating available 1 = yes; 0 otherwise) with the
following selection equation:

1 lf er + & > 0,
0 otherwise

(26) Rating; = {
Where Z; is the vector of independent variables, I is the vector of coefficients, and ¢; is the error
term. Z;T is specified as follows:

(27) Z; = yo + y1PrevRating;_,. + Yaimmonth;, + yzdow;,, + yaitime;;

Where PrevRating;_,. a binary variable taking 1 if the customer provided a rating on his/her
previous order, month;,,, dow;,,, time;;, are the categorical dummy variables for, respectively,
month m, day of the week w, and time of the day t. Table 41 (Model 2) reports the result of
equation (6), and shows that customers who rated the previous order are more likely to rate current
order (B = 1.047, SE = 0.001). From equation (6), we obtain the inverse Mills ratio (IMR) and
include it in all regression models in this study.

We performed the same estimation models used in the main analysis including the inverse

mills ratio as a control variable, and found consistent estimations (Table 42 and Table 43). Thus,

we conclude that endogeneity for sample bias is not of concern in this study.
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Table 42 — Estimation results for Customer Satisfaction including Inverse Mills Ratio as control
variable

@) (2

Ln(rating) Ln(rating) Ln(rating) Ln(rating)
Order size 0.000™™  (0.000)  0.000™*  (0.000)  0.000 (0.000) 0.000™™  (0.000)
Distance from store -0.000 (0.000)  -0.001 (0.000)  -0.011"** (0.002)  -0.002"**  (0.000)
N late prev orders -0.002"** (0.000) -0.002™*  (0.000) -0.012™* (0.002) -0.001"** (0.000)
N early prev orders -0.001 (0.001) -0.000 (0.001) -0.015" (0.004) 0.002™" (0.001)
Subscription 0.020™™ (0.001) 0.019™"  (0.001) 0.022"™ (0.001) 0.021" (0.001)
Unattended 0.002 (0.001) 0.001 (0.001) 0.003"™ (0.001) 0.001 (0.001)
Imr -0.058™*  (0.001)  -0.058"*  (0.001)  -0.058"** (0.001)  -0.058™*  (0.001)
Month fe YES YES YES YES
Day of the week fe YES YES YES YES
Clock hour fe YES YES YES YES
Store fe YES YES YES YES
Lateness -0.039"* (0.001) -0.040™"  (0.001) -0.115™" (0.018) -0.040™* (0.001)
Earliness -0.022"** (0.001) -0.023™"  (0.001) -0.077" (0.012) -0.024™** (0.001)
Window length -0.110™"  (0.008) -0.283""" (0.042) -0.470"** (0.056)
Expedited -0.034™  (0.002) -0.062" (0.007) 0.212"* (0.036)
Lateness x Win len 0.022" (0.005)
Earliness x Win len 0.019™ (0.004)
Lateness X Exp -0.089"* (0.013)
Earliness x Exp -0.085" (0.014)
_cons 1.686™" (0.028) 1.801"""  (0.030) 1.786™" (0.040) 2.173" (0.065)
F 321.949 304.699"" 289.077" 289.076™""
R? 0.008 0.008 0.008 0.008
Adjusted R? 0.008 0.008 0.008 0.008
N 1,394,399 1,394,399 1,394,399 1,394,399
rmse 0.379 0.379 0.379 0.379

Note: robust standard errors reported in parenthesis. * p <0.1, " p <0.05, ™ p < 0.01, ™ p < 0.005, ™ p < 0.001
Table 43 — Estimation results for Repurchase Intentions including Inverse Mills Ratio as control
variable

) @ @) (4)
Repurchase Repurchase Repurchase Repurchase

Order size 0.009""" (0.000) 0.009""  (0.000) 0.009™** (0.000) 0.009™** (0.000)
Distance from store 0.018™" (0.001) 0.018™"  (0.001) 0.014" (0.006) 0.017" (0.001)
N late prev orders 0.008™"" (0.001) 0.008™  (0.001) 0.002 (0.006) 0.008™"* (0.001)
N early prev orders 0.006™ (0.002) 0.007"* (0.002) -0.007 (0.012) 0.009™"* (0.002)
Subscription 0.243" (0.004) 0.242"*  (0.004) 0.244™ (0.004) 0.243™ (0.004)
Unattended 0.038™" (0.003) 0.037"""  (0.003) 0.038"" (0.003) 0.037" (0.003)
Imr -0.205""" (0.002) -0.205"  (0.002) -0.205"*" (0.002) -0.205""" (0.002)
Month fe YES YES YES YES
Day of the week fe YES YES YES YES
Clock hour fe YES YES YES YES
Store fe YES YES YES YES
Lateness -0.078™"" (0.005) -0.079""  (0.005) -0.137™ (0.052) -0.081""" (0.005)
Earliness -0.017" (0.003) -0.017"""  (0.003) -0.037 (0.033) -0.018™" (0.003)
Window length -0.528™"  (0.032) -0.620™"" (0.115) -0.772" (0.145)
Expedited 0.063""  (0.007) 0.044" (0.020) 0.224" (0.094)
Lateness x Win len 0.019 (0.016)
Earliness x Win len 0.006 (0.012)
Lateness x Exp -0.044 (0.036)
Earliness x Exp -0.068" (0.034)

cons 3.176" (0.061) 3.711™"  (0.071) 3.622"™ (0.102) 3.9717 (0.164)
' 80585.745 85181.935 85190.151 85195.410
pseudo R? 0.096 0.096 0.096 0.096
N 1,394,399 1,394,399 1,394,399 1,394,399

Note: robust standard errors reported in parenthesis. *p < 0.1, “p < 0.05, ™ p < 0.01, ™" p < 0.005, ™™ p < 0.001
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Robustness checks
We performed a series of sensitivity analysis to ensure the robustness of our results. First, we
ensured that the choice of the estimation model did not affect the estimations relative to customer
rating. Thus, following recent literature (Perdikaki, Peng, & Heim, 2015; Akturk, Mallipeddi, &
Jia, 2022), we used an Ordered Logit Regression model to estimate the impact of predictors on an
rating. Hence, we treat customer rating as an ordered discrete variable (i.e., not continuous)
(Chang, Dasgupta, & Hilary, 2010; Singh, Hansen, & Podolny, 2010; Schwieterman, Goldsby, &
Croxton, 2018). We tested this model as follows:
(28) Pr(Rating; = k) = Pr(ay_, <y < ay)
Where k € [1,5], ax_, ay are the thresholds, and y;" is the latent variable specified as follow:
(29) y; = ay + @, Lateness; + ayEarliness; + BX; + ¢;
Results in Table 44 show consistent estimations, suggesting that the choice of the estimation model
did not affect the results.

Table 44 — Estimation results for Customer Satisfaction using Ordered Logit Regression

@) ) ©) “4)

Rating Rating Rating Rating
Order size 0.003"™  (0.000)  0.003"™  (0.000)  0.002™™  (0.000)  0.003"*  (0.000)
Distance from store 0.006" (0.003) 0.004 (0.003) -0.043" (0.017) -0.003 (0.003)
N late prev orders 0.010™  (0.002)  -0.011™*  (0.002)  -0.057"**  (0.016)  -0.007* (0.002)
N early prev orders -0.001 (0.004)  0.001 (0.004)  -0.066" (0.028)  0.015*"  (0.005)
Subscription 0.145™*  (0.007)  0.139™™  (0.007)  0.152™*  (0.008)  0.146™  (0.007)
Unattended 0.050™*  (0.007)  0.048™™  (0.007)  0.057™*  (0.008)  0.047"*  (0.007)
Imr YES YES YES YES
Month fe YES YES YES YES
Day of the week fe YES YES YES YES
Clock hour fe YES YES YES YES
Store fe 0297  (0.011) -0.300~  (0.011) -0.642"  (0.127) -0.302"™  (0.011)
Lateness -0.146™  (0.008)  -0.148™*  (0.008)  -0.395"*"  (0.087)  -0.156™*  (0.009)
Earliness 20.6477  (0.064)  -1.4177°  (0.294)  -2.413"  (0.400)
Window length -0.188™  (0.018)  -0.315™  (0.048)  1.026™  (0.261)
Expedited 0.098" (0.039)
Lateness x Win len 0.087" (0.031)
Earliness x Win len -0.446™™  (0.096)
Lateness X Exp -0.411™™  (0.097)
a 5957.501 5993.982 5994.285 5994.140
pseudo R?
N 1,394,399 1,394,399 1,394,399 1,394,399

Note: Robust standard errors reported in parenthesis. *p < 0.1, " p < 0.05, ™ p < 0.01, ™" p < 0.005, ™ p < 0.001
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Second, upon consulting prior literature (Rao et al., 2011), we verified whether the
estimations for repurchase intentions were not affected by customer satisfaction, which is typically
an important predictor for future purchase decisions. Table 45 reports the same estimations models
used for repurchase intentions but including customer rating as additional control variable. We
found consistent estimation, excluding that customer satisfaction affects these estimations.

Table 45 — Estimation results for Repurchase Intentions including Customer Satisfaction as
control variable

) ) @) (4)
Repurchase Repurchase Repurchas Repurchas
e e

Order size 0.009™ (0.000) 0.009™  (0.000) 0.008™  (0.000) 0.009™  (0.000)
Distance from store 0.019™* (0.001) 0.019™"  (0.001) 0.014" (0.006) 0.017"*"  (0.001)
N late prev orders 0.010™*" (0.001) 0.010™"  (0.001) 0.004 (0.006) 0.011"*  (0.001)
N early prev orders 0.005" (0.002) 0.006™" (0.002) -0.008 (0.012) 0.008™"  (0.002)
Subscription 0.255""" (0.004) 0.254™"  (0.004) 0.257"""  (0.004) 0.255™*"  (0.004)
Unattended 0.034™* (0.003) 0.033""  (0.003) 0.034™  (0.003) 0.033"*" (0.003)
Imr 0.001 (0.001) 0.001 (0.001) 0.001 (0.001) 0.001 (0.001)
Month fe YES YES YES YES
Day of the week fe YES YES YES YES
Clock hour fe YES YES YES YES
Store fe YES YES YES YES
Lateness -0.085""" (0.005) -0.086™"  (0.005) -0.147""  (0.052) -0.089™"  (0.005)
Earliness -0.019™*" (0.003) -0.019""  (0.003) -0.042 (0.033) -0.021™*"  (0.003)
Window length -0.534™"  (0.031) -0.633""  (0.115) -0.808™"  (0.145)
Expedited 0.051""  (0.007) 0.031 (0.020) 0.232" (0.094)
Lateness x Win len 0.019 (0.016)
Earliness x Win len 0.007 (0.012)
Lateness x Exp -0.049 (0.036)
Order size -0.076" (0.034)
_cons 2.846™ (0.061) 3.387""  (0.071) 3.303™  (0.102) 3.679™"  (0.164)
a 73611.008 78094.169 78101.520 78106.404
pseudo R? 0.092 0.092 0.092 0.092
N 1,394,399 1,394,399 1,394,399 1,394,399

Note: robust standard errors reported in parenthesis. * p <0.1, " p <0.05, ™ p < 0.01, ™ p < 0.005, ™ p < 0.001

Finally, we conducted an additional robustness check for the effects on repurchase
intentions by adding zip code fixed effects to the regression models. Recent literature (Lim, Gao,
& Tan, 2020) suggests adding zip codes fixed effects to control for heterogeneity factors that affect
customers’ purchase decisions relative to a specific geographical area (Lim et al., 2020; Lim,
Wang, & Webster, 2023). Estimations reported in Table 46 confirm the estimations found in the

main analysis.
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Table 46 — Estimation results for Repurchase Intentions including zip code fixed effects

@ ) @) 4)
Repurchase Repurchase Repurchase Repurchase

Order size 0.009™™ (0.001) 0.008™*  (0.000) 0.008™™* (0.001) 0.008™™ (0.001)
Distance from store 0.001 (0.011) 0.001 (0.011) -0.012 (0.022) -0.003 (0.013)
N late prev orders 0.000 (0.010) 0.000 (0.010)  -0.016 (0.020) 0.002 (0.010)
N early prev orders 0.006 (0.016) 0.007 (0.017)  -0.027 (0.014) 0.013 (0.020)
Subscription 0.255™*  (0.004) 0.251"**  (0.004) 0.256™* (0.004) 0.254™ (0.004)
Unattended 0.024™**  (0.006) 0.022"**  (0.007) 0.026™** (0.006) 0.022"* (0.007)
Imr YES YES YES YES
Month fe YES YES YES YES
Day of the week fe YES YES YES YES
Clock hour fe YES YES YES YES
Store fe YES YES YES YES
Lateness -0.170" (0.083)  -0.168" (0.084)  -0.319 (0.174)  -0.170" (0.084)
Earliness -0.095" (0.042) -0.093" (0.043) -0.160 (0.105) -0.098" (0.045)
Window length -0.849™  (0.197) -1.107™ (0.392) -1.667" (0.673)
Expedited -0.034 (0.064) -0.086 (0.094) 0.525 (0.288)
Lateness x Win len 0.048 (0.030)
Earliness x Win len 0.021 (0.023)
Lateness x Exp -0.194 (0.120)
Order size -0.197 (0.117)

cons 2,597 (0.346) 3.451™"  (0.517) 3.2717 (0.483) 4.306™" (0.974)
a 186081.934 189208.699 189214.250 189213.755
pseudo R? 0.104 0.104 0.104 0.104
N 1,394,399 1,394,399 1,394,399 1,394,399

Note: robust standard errors reported in parenthesis. * p <0.1, " p <0.05, ™ p < 0.01, ™ p < 0.005, ™ p < 0.001
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Appendix D — Essay 3: Study 2 experimental setup and vignette

Instructions to participants: In this task you will be provided with an online purchasing scenario. After
the scenario, you will be asked several questions about your purchasing preferences, followed by some
demographic questions. Please read the questions carefully, and take as much time as needed. There are
no right or wrong answers.

Common module: You need to order a week's worth of groceries. You place your order online with
Grocer.com. Grocer.com is a grocery retailer that provides delivery services for online shopping.

Experimental cues module delivery window length:

Two hours Five hours Eight hours

Upon finalizing the order, you chose Upon finalizing the order, you chose Upon finalizing the order, you chose
the two-hour delivery window that was  the five-hour delivery window that was  the eight-hour delivery window that
most convenient for you. most convenient for you. was most convenient for you.

Experimental cues module delivery performance: After two days, you receive the following email
from Grocer.com:

Example delivery confirmation email for the 10:00AM-12:00PM delivery window and late
delivery performance

Delivered: items from order #20168-55

Grocer.com
to me

Your delivery window was
scheduled from 10:00 AM to
12:00 PM.

Your driver delivered your order
at 1:00 PM.
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Table 47 — Experimental cues module delivery performance - Message in the email screenshot

Window Late delivery Early delivery On-time delivery
length
Two  10AM Your delivery window was Your delivery window was Your delivery window was
hours 12PM  scheduled from 10:00 AM to scheduled from 10:00AM to scheduled from 10:00AM to
12:00 PM. 12:00 PM. 12:00 PM.
Your driver delivered your order ~ Your driver delivered your order ~ Your driver delivered your order
at 1:00 PM. at 9:00 AM. at 10:15 AM.
12PM  Your delivery window was Your delivery window was Your delivery window was
2PM  scheduled from 12:00 PM to 2:00  scheduled from 12:00 PM to 2:00  scheduled from 12:00 PM to 2:00
PM. PM. PM.
Your driver delivered your order  Your driver delivered your order  Your driver delivered your order
at 3:00 PM. at 11:00 AM. at 12:15 PM.
2PM  Your delivery window was Your delivery window was Your delivery window was
4PM  scheduled from 2:00 PM to 4:00 scheduled from 2:00 PM to 4:00 scheduled from 2:00 PM to 4:00
PM. PM. PM.
Your driver delivered your order ~ Your driver delivered your order  Your driver delivered your order
at 5:00 PM. at 1:00 PM. at 2:15 PM.
4PM  Your delivery window was Your delivery window was Your delivery window was
6 PM  scheduled from 4:00 PM to 6:00 scheduled from 4:00 PM to 6:00 scheduled from 4:00 PM to 6:00
PM. PM. PM.
Your driver delivered your order  Your driver delivered your order  Your driver delivered your order
at 7:00 PM. at 3:00 PM. at 4:15 PM.
6 PM  Your delivery window was Your delivery window was Your delivery window was
8PM scheduled from 6:00 PM to 8:00 scheduled from 6:00 PM to 8:00 scheduled from 6:00 PM to 8:00
PM. PM. PM.
Your driver delivered your order  Your driver delivered your order  Your driver delivered your order
at 9:00 PM. at 5:00 PM. at 6:15 PM.
Five ~ 10AM Your delivery window was Your delivery window was Your delivery window was
hours 3PM  scheduled from 10:00AM to 3:00  scheduled from 10:00AM to 3:00  scheduled from 10:00AM to 3:00
PM. PM. PM.
Your driver delivered your order ~ Your driver delivered your order  Your driver delivered your order
at 1:00 PM. at 1:00 PM. at 10:15 AM
1PM  Your delivery window was Your delivery window was Your delivery window was
6 PM  scheduled from 1:00 PM to 6:00 scheduled from 1:00 PM to 6:00 scheduled from 1:00 PM to 6:00
PM. PM. PM.
Your driver delivered your order  Your driver delivered your order  Your driver delivered your order
at 7:00 PM. at 12:00 AM. at 1:15 PM.
3PM  Your delivery window was Your delivery window was Your delivery window was
8 PM  scheduled from 3:00 PM to 8:00 scheduled from 3:00 PM to 8:00 scheduled from 3:00 PM to 8:00
PM. PM. PM.
Your driver delivered your order ~ Your driver delivered your order ~ Your driver delivered your order
at 9:00 PM. at 2:00 PM. at 3:15 PM.
Eight 10AM Your delivery window was Your delivery window was Your delivery window was
hours 6PM  scheduled from 10:00AM to 6:00  scheduled from 10:00AM to 6:00  scheduled from 10:00AM to 6:00
PM. PM. PM.
Your driver delivered your order ~ Your driver delivered your order  Your driver delivered your order
at 7:00 PM. at 9:00 AM. at 10:15 PM.
12PM  Your delivery window was Your delivery window was Your delivery window was
8 PM  scheduled from 12:00 PM to 8:00  scheduled from 12:00 PM to 8:00  scheduled from 12:00 PM to 8:00

PM.
Your driver delivered your order
at 9:00 PM.

PM.
Your driver delivered your order
at 11:00AM.

PM.
Your driver delivered your order
at 12:15 PM.
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Appendix F — Essay 3: Study 2 sensitivity analysis

Robustness checks

We ensured the robustness of our estimations through a series of analysis. First, we performed the
main analysis without control variables to exclude failed randomization (Lonati et al., 2018).
Results in Tables 48-49-50-51 confirm the estimations obtained in the main analysis.

Table 48 — Mediation results of Process Model 4 without control variables

Condition Focal lever Mediation paths effects Indirect effects [95% CI]  Direct effect [Cl]
xSu2ov 0 =axb x5 oy
On-time vs Late  Late L 28 28 -0.451 [-0.681; -0.266] L 2% oar
L -1869 c 0430 SAT -0.804 [-1.071; -0.553]
L 22 0% pEp -0.403 [-0.625; -0.223] L —0954 REP
L 22% C 0-50 REP -1.138 [-1.427; -0.863]
g;r-l?/me Vs Early [ sl SAT -0.348 [-0.522; -0.213] P SAT
E _1oet c 0-553 SAT -0.587 [-0.813; -0.381]
g8 020 e -0.324 [-0.500; -0.195] > nEp
g c 0688 pEP -0.728 [-0.990; -0.488]
Early vs Late Late £ 3 oar -0.257 [-0.427; -0.122] L2238 st
g 2% c 0567 SAT -0.458 [-0.660; -0.274]
E -o7o1 T 0.377 REP -0.264 [-0.429; -0.130] L 0268 REP
E -0807 c 0-672 REP -0.542 [-0.768; -0.330]

Note: Reported effects are all significant at p < 0.05. Results with 5,000 bootstraps
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Table 49 — Moderated Mediation results of On-time vs Late without control variables

; () 0] @) (4)

On-time vs Late Trust Commitment SAT REP

Constant 5.381""(0.174)  4.94™ (0.156) 2.249™" (0.252) 1.522"" (0.275)

Late -1.92"" (0.247)  -2.155"" (0.222) -1.466"" (0.134) -0.954"" (0.147)

Trust 0.248™ (0.043) 0.222™** (0.046)

Commitment 0.431*** (0.047) 0.609™** (0.051)

WL 1 (2h vs 5h) -0.27 (0.244) -0.203 (0.22)

WL 2 (2h vs 8h) -0.417% (0.249)  -0.6™"(0.224)

Late x WL 1 0.069 (0.347) 0.214 (0.312)

Late x WL 2 0.244 (0.353) 0.667™ (0.317)

F-value (df) 33.09"" (5,306)  43.727"" (5,306) 317.509"" (3,308) 262.442"" (3,308)

R? 0.592 0.646 0.869 0.848

IMM indirect effect via Trust IMM WL 1 0.017 (0.085) CI [-0.156,0.182] 0.015 (0.078) CI [-0.146,0.166]
IMM WL 2 0.060 (0.089) CI [-0.121,0.235] 0.054 (0.083) CI [-0.097,0.230]

Indirect effect via Trust IEWL 2hours  -0.476 (0.117) CI [-0.726,-0.275]  -0.426 (0.118) CI [-0.681,-0.217]
IE WL 5 hours -0.459 (0.119) CI [-0.720,-0.260]  -0.410 (0.119) CI [-0.677,-0.207]
IE WL 8 hours -0.415 (0.114) CI [-0.665,-0.224]  -0.372 (0.105) CI [-0.597,-0.190]

IMM indirect effect via Commitment ~ IMM WL 1 0.092 (0.128) CI [-0.157,0.344] 0.131 (0.178) CI [-0.224,0.475]
IMM WL 2 0.287 (0.131) CI [0.034,0.553] 0.406 (0.191) CI [0.042,0.793]

Indirect effect via Commitment IE WL 2 hours -0.928 (0.145) CI [-1.22,-0.652] -1.313 (0.166) CI [-1.644,-0.998]
IE WL 5 hours -0.835 (0.164) CI [-1.175,-0.535] -1.182 (0.194) CI [-1.571,-0.811]
IE WL 8 hours -0.641 (0.148) CI [-0.956,-0.375]  -0.906 (0.174) CI [-1.256,-0.576]

Note: First stage common to both SAT and REP presented in models 1 and 2. WL1 compares 2h to 5h, and WL2 compares 2h to 8h. *
p <0.1; ™p <0.05; ™ p < 0.01. Standard error in parenthesis. Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect
effect; Cl = Confidence Interval.
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Table 50 — Moderated Mediation results of On-time vs Early without control variables

; ) @ @) (4)

On-time vs Early Trust Commitment SAT REP

Constant 5.381"" (0.196) 4.94" (0.189) 1.348™" (0.232) 0.812"" (0.243)

Early -1.415™" (0.276) -1.732"" (0.267) -0.743"" (0.118) -0.372" (0.124)

Trust 0.312*** (0.043) 0.29"* (0.045)

Commitment 0.553*** (0.044) 0.686™** (0.046)

WL 1 (2h vs 5h) -0.27 (0.276) -0.203 (0.267)

WL 2 (2h vs 8h) -0.417 (0.281) -0.600™ (0.272)

Early x WL 1 0.216 (0.388) 0.632" (0.375)

Early x WL 2 0.698" (0.395) 1.424™ (0.383)

F-value (df) 10.544™ (5,311) 12.276™ (5,311) 209.783"* (3,313) 206.597"* (3,313)

R? 0.381 0.406 0.817 0.815

IMM indirect effect via Trust IMM WL 1 0.067 (0.118) CI [-0.162,0.304] 0.063 (0.112) CI [-0.156,0.288]
IMM WL 2 0.217 (0.133) CI [-0.029,0.491] 0.202 (0.126) CI [-0.02,0.473]

Indirect effect via Trust IE WL 2 hours -0.441 (0.114) C1 [-0.686,-0.242]  -0.41 (0.109) CI [-0.651,-0.221]
IE WL 5 hours -0.373(0.104) CI [-0.601,-0.196]  -0.348 (0.102) CI [-0.57,-0.17]
IE WL 8 hours -0.223 (0.105) CI [-0.44,-0.033] -0.208 (0.095) ClI [-0.409,-0.028]

IMM indirect effect via Commitment IMM WL 1 0.349 (0.196) CI [-0.042,0.734] 0.433 (0.239) CI [-0.044,0.89]
IMM WL 2 0.787 (0.224) CI [0.36,1.25] 0.976 (0.275) CI [0.45,1.524]

Indirect effect via Commitment IE WL 2 hours -0.957 (0.168) CI [-1.304,-0.65] -1.188 (0.191) ClI [-1.569,-0.835]
IE WL 5 hours -0.608 (0.155) CI [-0.931,-0.316]  -0.755 (0.19) CI [-1.141,-0.404]
IE WL 8 hours -0.171 (0.172) CI [-0.516,0.158] -0.212 (0.21) CI [-0.639,0.198]

Note: First stage common to both SAT and REP presented in models 1 and 2. WL1 compares 2h to 5h, and WL2 compares 2h to 8h. *p <
0.1; ™ p < 0.05; ™ p < 0.01. Standard error in parenthesis. Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect effect; Cl =

Confidence Interval.
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Table 51 — Moderated Mediation results of On-time vs Early without control variables

) 0] @) (4)

Barly vs Late Trust Commitment SAT REP

Constant 3.967"" (0.189) 3.207"" (0.176) 0.33 (0.207) 0.136 (0.198)

Late -0.505" (0.27) -0.423" (0.252) -0.329"" (0.123) -0.265" (0.117)

Trust 0.367"** (0.05) 0.377*** (0.048)

Commitment 0.567*** (0.053) 0.672"** (0.051)

WL 1 (2hvs5h)  -0.054 (0.267) 0.429" (0.248)

WL 2 (2h vs 8h) 0.28 (0.272) 0.824™** (0.253)

Late x WL 1 -0.147 (0.38) -0.417 (0.354)

Late x WL 2 -0.454 (0.387) -0.757" (0.36)

F-value (df) 4.472" (5,309) 8.262"** (5,309) 144.385"* (3,311) 194.807** (3,311)

R? 0.26 0.343 0.763 0.808

IMM indirect effect via Trust IMM WL 1 -0.054 (0.139) CI [-0.335,0.216] -0.056 (0.143) CI [-0.349,0.219]
IMM WL 2 -0.167 (0.153) CI [-0.499,0.119]  -0.171 (0.157) CI [-0.495,0.122]

Indirect effect via Trust IE WL 2 hours -0.185 (0.107) CI [-0.407,0.006] -0.191 (0.11) CI [-0.427,0.012]
IE WL 5 hours -0.239 (0.105) CI [-0.466,-0.055]  -0.246 (0.107) CI [-0.481,-0.056]
IE WL 8 hours -0.352 (0.13) CI [-0.634,-0.126] -0.362 (0.131) CI [-0.637,-0.13]

IMM indirect effect via Commitment IMM WL 1 -0.237 (0.212) CI [-0.664,0.171] -0.28 (0.235) CI [-0.753,0.163]
IMM WL 2 -0.429 (0.219) CI [-0.88,-0.018] -0.508 (0.25) CI [-1.007,-0.027]

Indirect effect via Commitment IE WL 2 hours -0.24 (0.148) CI [-0.531,0.048] -0.284 (0.173) CI [-0.633,0.044]
IE WL 5 hours -0.476 (0.157) CI [-0.803,-0.186]  -0.564 (0.171) CI [-0.913,-0.243]
IE WL 8 hours -0.669 (0.171) CI [-1.021,-0.351] -0.792 (0.192) CI [-1.182,-0.425]

Note: First stage common to both SAT and REP presented in models 1 and 2. WL1 compares 2h to 5h,

and WL2 compares 2h to 8h. " p <

0.1; ™ p < 0.05; ™ p < 0.01. Standard error in parenthesis. Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect effect; Cl
= Confidence Interval.



Second, we ensured that social approval and social desirability did significantly affect the
estimations of our model and potentially create demand effect (Lonati et al., 2018). We used
multiple strategies and common practices to address social desirability bias. First, we ensured
participants anonymity to exclude any bias related to participants answering the survey to be
favorably viewed (Eckerd et al., 2021). Second, we ensured participants that there were no right
or wrong answers (Fisher, 1993). Finally, we collected an additional 4-items 7-point (1 = strongly
disagree; 7 = strongly agree) scale (oo = 0.81) adapted from (Fisher, 1993), to assess the extent to
which the participant (1) | sometimes feel resentful when | don't get my way, (2) There have been
times when 1 felt like rebelling against people in authority even though | knew they were right, (3)
There have been times when | was quite jealous of the good fortune of others, and (4) I am
sometimes irritated by people who ask favors of me. We added this scale as additional control to
the main analyses and found consistent estimations. Hence, social desirability is not a concern.

Finally, we performed the analysis including the 77 observations deleted due to failed
manipulation check, to avoid any issue related to sample bias. Results reported in Tables 52-53-
54-55 provide similar estimations to the main analysis, hence excluding that the 77 removed

observations could affect the models.
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Table 52 — Mediation results of Process Model 4 with full sample (N = 549)

Condition Focal lever Mediation paths effects Indirect effects [95% CI]  Direct effect [CI]
xSu2pv 0 =axb xSy
On-time vs Late  Late L2 0 227 ear -0.495 [-0.713; -0.312] L2 ear
L _1816 c 0459 SAT -0.834 [-1.071; -0.605]
L TL78s T 0.238 REP -0.424 [-0.635; -0.237] L 0888 REP
L _1816 c 0639 REP -1.160 [-1.430; -0.909]
(g;;lgme Vs Early E _11s6 T 0364 SAT -0.421 [-0.610; -0.273] E —0682 SAT
E 1057 c 0512 SAT -0.542 [-0.750; -0.355]
E _1156 T 0-340 REP -0.392 [-0.571; -0.238] E -03s52 REP
P ~10s7 c 0.637 REP -0.674 [-0.926; -0.444]
Early vs Late Late E 20 0 our -0.264 [-0.433; -0.128] L2 sar
Py c 0518 SAT -0.425 [-0.625; -0.248]
E -0673 T 0.406 REP -0.273 [-0.451; -0.130] L -0302 REP
—0.820 0.621

E—— C — REP

-0.509 [-0.729; -0.310]

Note: Reported effects are all significant at p < 0.05. Controls included: Age, Gender, Education, Income, Channel, Time

orientation. Results with 5,000 bootstraps
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Table 53 — Moderated Mediation results of On-time vs Late with full sample (N = 549)

i @) @ 3) (4)

On-time vs Late Trust Commitment SAT REP

Constant 4,901 (0.541)  4.276™ (0.511) 2.046™" (0.397) 1.533"" (0.435)

Late -1.932""(0.243)  -2.123™" (0.23) -1.339™" (0.122) -0.888™" (0.133)

Trust 0.277" (0.04) 0.238" (0.044)

Commitment 0.459™" (0.042) 0.639™" (0.046)

WL 1 (2h vs 5h) -0.283 (0.222) -0.211 (0.209)

WL 2 (2h vs 8h) -0.431" (0.222) -0.586™" (0.21)

Late x WL 1 0.142 (0.333) 0.239 (0.315)

Late x WL 2 0.253 (0.338) 0.63" (0.319)

Age 0.003 (0.005) 0.005 (0.005) -0.007™ (0.003) -0.005 (0.004)

Gender 0.135 (0.142) -0.111 (0.135) 0.019 (0.099) -0.024 (0.108)

Education -0.3 (0.152) -0.211 (0.144) -0.169 (0.105) 0.114 (0.115)

Income -0.15 (0.133) 0.023 (0.126) -0.21™" (0.093) -0.266™" (0.101)

Channel 0.06 (0.133) 0.259™ (0.125) 0.092 (0.092) 0.1817(0.101)

Time orientation 0.138 (0.112) 0.135 (0.106) 0.081 (0.077) -0.021 (0.084)

F-value (df) 17.863™" 21.302""

(11,364) (11,364) 130.846™" (9,366) 108.707"*" (9,366)

R? 0.592 0.626 0.873 0.853

IMM indirect effect via Trust IMM WL 1 0.039 (0.092) ClI [-0.143,0.228] 0.034 (0.08) CI [-0.122,0.199]
IMM WL 2 0.07 (0.098) CI [-0.118,0.277] 0.06 (0.086) CI [-0.097,0.249]

Indirect effect via Trust IE WL 2 hours -0.536 (0.122) CI [-0.796,-0.315] -0.459 (0.121) CI [-0.722,-0.249]
IEWL5hours  -0.496 (0.113) ClI [-0.735,-0.296] -0.425 (0.109) CI [-0.666,-0.233]
IEWL 8 hours  -0.465 (0.114) CI [-0.709,-0.265] -0.399 (0.104) CI [-0.619,-0.219]

IMM indirect effect via Commitment IMM WL 1 0.11 (0.13) CI [-0.155,0.367] 0.153 (0.182) CI [-0.204,0.51]
IMM WL 2 0.289 (0.138) CI [0.025,0.562] 0.403 (0.191) CI [0.039,0.793]

Indirect effect via Commitment IE WL 2 hours -0.975 (0.139) CI [-1.249,-0.715] -1.357 (0.165) CI [-1.687,-1.046]
IEWL 5 hours  -0.865 (0.153) CI [-1.179,-0.589] -1.204 (0.19) CI [-1.607,-0.85]
IE WL 8 hours  -0.685 (0.138) CI [-0.969,-0.432] -0.954 (0.165) CI [-1.291,-0.641]

Note: First stage common to both SAT and REP presented in models 1 and 2. WL1 compares 2h to 5h, and WL2 compares 2h to 8h. *
p <0.1; ™p<0.05 " p<0.01. Standard error in parenthesis. Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect
effect; Cl = Confidence Interval.



Table 54 — Moderated Mediation results of On-time vs Early with full sample (N = 549)

Lcc

; ) @ @) (4)

On-time vs Early Trust Commitment SAT REP

Constant 5.367"" (0.573) 451" (0.579) 1.772"" (0.42) 0.881" (0.452)

Early -1.457""(0.261)  -1.616™" (0.263) -0.682"" (0.11) -0.352"" (0.118)

Trust 0.364™" (0.04) 0.34"" (0.043)

Commitment 0.513"" (0.04) 0.637"" (0.043)

WL 1 (2h vs 5h) -0.288 (0.245) -0.154 (0.247)

WL 2 (2h vs 8h) -0.452" (0.245) -0.525™ (0.247)

Early x WL 1 0.128 (0.36) 0.508 (0.363)

Early x WL 2 0.723™ (0.362) 1.136™" (0.365)

Age 0.005 (0.005) 0.006 (0.006) -0.009"" (0.004) -0.006 (0.004)

Gender -0.122 (0.152) -0.028 (0.153) 0.042 (0.105) 0.125 (0.113)

Education -0.127 (0.162) 0.049 (0.163) -0.154 (0.111) 0.033 (0.119)

Income -0.009 (0.145) 0.121 (0.146) -0.229™ (0.1) -0.098 (0.108)

Channel 0.043 (0.145) 0.365™ (0.146) 0.162 (0.101) 0.186" (0.108)

Time orientation 0.005 (0.118) -0.016 (0.119) -0.013 (0.082) -0.001 (0.088)

F-value (df) 6.764™" (11,378)  6.825™" (11,378) 86.013"" (9,380) 79.651™" (9,380)

R? 0.406 0.407 0.819 0.808

IMM indirect effect via Trust IMM WL 1 0.047 (0.135) CI [-0.216,0.323] 0.044 (0.126) CI [-0.202,0.301]
IMM WL 2 0.263 (0.146) CI [-0.003,0.571] 0.245 (0.137) CI [-0.021,0.528]

Indirect effect via Trust IE WL 2 hours -0.531 (0.13) CI [-0.811,-0.299] -0.495 (0.127) CI [-0.758,-0.271]
IE WL 5 hours -0.484 (0.118) CI [-0.738,-0.279]  -0.451 (0.116) CI [-0.697,-0.248]
IE WL 8 hours -0.267 (0.107) CI [-0.489,-0.07] -0.249 (0.1) CI [-0.465,-0.067]

IMM indirect effect via Commitment IMM WL 1 0.26 (0.184) CI [-0.102,0.621] 0.324 (0.218) CI [-0.112,0.743]
IMM WL 2 0.582 (0.197) CI [0.217,0.99] 0.724 (0.242) C1 [0.27,1.219]

Indirect effect via Commitment IE WL 2 hours -0.828 (0.153) CI [-1.158,-0.545] -1.03 (0.182) CI [-1.394,-0.685]
IE WL 5 hours -0.568 (0.154) CI [-0.887,-0.282]  -0.706 (0.184) CI [-1.089,-0.364]
IE WL 8 hours -0.246 (0.146) CI [-0.54,0.036] -0.306 (0.176) CI [-0.66,0.035]

Note: First stage common to both SAT and REP presented in models 1 and 2. WL1 compares 2h to 5h, and WL2 compares 2h to 8h. “p
<0.1; " p<0.05 ™ p<0.01. Standard error in parenthesis. Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect effect;
Cl = Confidence Interval.



Table 55 — Moderated Mediation results of On-time vs Early with full sample (N = 549)

8¢¢

@) ) 3) (4)

Barly vs Late Trust Commitment SAT REP

Constant 3.965"(0.578) 3.03"(0.548) 1.241""(0.463) 0.879" (0.448)

Late -0.525" (0.268) -0.54™ (0.255) -0.373""(0.125) -0.302"(0.121)

Trust 0.391"(0.051) 0.406™" (0.049)

Commitment 0.518"(0.053) 0.621"(0.052)

WL 1 (2h vs 5h) -0.202 (0.26) 0.337 (0.246)

WL 2 (2h vs 8h) 0.183 (0.264) 0.583™(0.251)

Late x WL 1 -0.033 (0.377) -0.338 (0.358)

Late x WL 2 -0.421 (0.385) -0.507 (0.366)

Age -0.009 (0.006) 0.008 (0.006) -0.008" (0.005) -0.002 (0.004)

Gender -0.046 (0.165) -0.038 (0.157) 0.03 (0.127) 0.016 (0.123)

Education 0.202 (0.181) 0.195 (0.172) -0.159 (0.139) 0.01 (0.135)

Income -0.049 (0.155) 0.006 (0.147) -0.289™(0.119) -0.226(0.115)

Channel 0.259 (0.158) 0.477(0.15) -0.047 (0.121) 0.003 (0.118)

Time orientation 0.048 (0.123) -0.084 (0.116) -0.058 (0.093) -0.124 (0.09)

F-value (df) 2.429"(11,320)  4.514"(11,320) 46.641"" (9,322) 61.318""(9,322)

R? 0.278 0.367 0.752 0.795

IMM indirect effect via Trust IMM WL 1 -0.013 (0.146) CI [-0.307,0.283] -0.014 (0.15) CI [-0.304,0.292]
IMM WL 2 -0.165 (0.162) CI [-0.498,0.124] -0.171 (0.162) CI [-0.514,0.135]

Indirect effect via Trust IE WL 2 hours -0.206 (0.11) CI [-0.437,-0.001] -0.213 (0.115) CI [-0.458,-0.004]
IE WL 5 hours -0.219 (0.109) CI [-0.448,-0.019]  -0.227 (0.111) CI [-0.456,-0.019]
IE WL 8 hours -0.37 (0.139) CI [-0.672,-0.128] -0.384 (0.141) CI [-0.694,-0.139]

IMM indirect effect via Commitment IMM WL 1 -0.175 (0.192) CI [-0.564,0.202] -0.21 (0.221) CI [-0.655,0.231]
IMM WL 2 -0.263 (0.194) CI [-0.673,0.093] -0.315 (0.228) CI [-0.797,0.111]

Indirect effect via Commitment IE WL 2 hours -0.28 (0.141) CI [-0.578,-0.023] -0.335 (0.164) CI [-0.666,-0.023]
IE WL 5 hours -0.455 (0.147) CI [-0.76,-0.19] -0.545 (0.162) CI [-0.882,-0.244]
IE WL 8 hours -0.542 (0.156) CI [-0.873,-0.265]  -0.65 (0.179) CI [-1.022,-0.327]

Note: First stage common to both SAT and REP presented in models 1 and 2. WL1 compares 2h to 5h, and WL2 compares 2h to 8h. “p
<0.1; " p<0.05 ™ p<0.01. Standard error in parenthesis. Abbreviations: IMM = Index of Moderated Mediation; IE = Indirect effect;
Cl = Confidence Interval.



Post-hoc analyses

In the second post-hoc analysis, we verified the non-significant interaction results of the
econometric analysis for the effect lateness and earliness on repurchase intentions. We verified
that such result hold in the experiment by studying the moderation on the direct effect of lateness
(earliness) on repurchase intentions using Process Model 5. The interactions do not show
significant coefficients (Table 56). Thus, we confirm the results from the dataset that window
length does not moderate the direct effect of lateness and earliness on repurchase intention.

Table 56 — Moderation results of Process Model 5 with moderation in the direct effect of Lateness
(L) and Earliness (E) on Repurchase intentions (REP)

On-time vs Late On-time vs Early Early vs Late

Repurchase Repurchase Repurchase
intentions intentions intentions

Constant 1.789™" (0.467) 0.969™ (0.489) 0.748" (0.443)
Late -0.947™" (0.215) -0.192 (0.196)
Early -0.431"" (0.210)
Trust 0.219™" (0.046) 0.665™" (0.048) 0.678™" (0.053)
Commitment 0.599™" (0.052) 0.299"" (0.046) 0.370™" (0.049)
Window Length 1 0.150 (0.185) 0.169 (0.198) 0.013 (0.193)
Window Length 2 -0.233 (0.189) -0.186 (0.202) 0.200 (0.199)
Condition x Window
Length 1 -0.168 (0.26) -0.155 (0.279) 0.053 (0.275)
Condition x Window
Length 2 0.020 (0.267) 0.365 (0.287) -0.314 (0.283)
Age -0.002 (0.004) -0.006 (0.005) -0.002 (0.005)
Gender -0.052 (0.116) 0.083 (0.120) -0.021 (0.120)
Education 0.167 (0.125) 0.080 (0.129) 0.021 (0.133)
Income -0.297"" (0.108) -0.063 (0.115) -0.238™ (0.113)
Channel 0.182" (0.109) 0.138 (0.117) -0.023 (0.117)
Time orientation -0.033 (0.089) -0.004 (0.096) -0.115 (0.093)
F-value (df) 63.94™" (13,298) 48.472™" (13,303) 45.509™ (13,301)
R? 0.858 0.822 0.814

Note: Results from the second stage of mediation. WL 1 compares 2h to 5h, and WL compares 2h to

8h. "p<0.1; " p<0.05 " p<0.01. Standard error in parenthesis.

The last post-hoc analysis refers to additional variables we collected in the survey.
Specifically, as a form of commitment, customers typically provide retailers with reviews and
feedback that are then used by retailers to improve their performance (Umashankar, Ward, & Dahl,
2017; Akturk et al., 2022). Hence, this post-hoc analysis investigates customers’ behavior relative

to writing a feedback to the online retailer after experiencing a service failure.
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We asked respondents to first write a review relative to their delivery experience. Then, we
asked them whether the review they wrote was negative, neutral, or positive. The majority of
respondents exposed to the early and late condition indicated their review as negative or neutral,
whereas those exposed to the on-time condition indicated their review as a positive one. An Ologit
regression with Review mood as dependent variable (coding: 0 = negative review; 1 = neutral
review; 2 = positive review), indicates that respondents exposed to the early and late conditions
significantly rated their review more as negative and neutral as compared to those exposed to the
on-time condition (see Table 57 - Model 1).

In addition, we measured Review length, which capture the extent of complaining in terms
of number of words in the review (M = 21.29, SD = 18) (Umashankar et al., 2017). We tested
whether customers exposed to a service failure would significantly write a longer review, thus
commit extra effort to provide the retailer with a feedback. Results from a Poisson regression (see
Table 57 - Model 2) show that those exposed to late and early condition significantly wrote a
longer review (see Figure 30).

Table 57 — Results for Post-hoc analysis 2: The effect of Late and Early on review mood and
review length

) 2

Review mood Review length

Late -4.573™" (0.329) 0.635™" (0.027)
Early -2.965™" (0.294) 0.596™" (0.027)
Age -0.003 (0.008) 0.005™" (0.001)
Gender -0.338 (0.211) 0.286™" (0.020)
Income -0.189 (0.223) -0.080™* (0.021)
Education 0.120 (0.241) -0.215™ (0.022)
Time orientation -0.026 (0.167) -0.081™" (0.016)
Intercept 2.784™ (0.076)
a 298.659 1141.294

McFadden’s pseudo R? 0.299 0.141

N 472 472

Note: Standard errors in parentheses + p < 0.10, ** p < 0.05, *** p < 0.0
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Figure 30 — Distribution of Review length across conditions (Review length: min = 1, max = 132)
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Appendix G - Institutional Review Board Protocol Approval
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To: Nicolo Masorgo
From: Douglas J Adams, Chair
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Study Title: the impact of last mile delivery performance on customers outcomes

The above-referenced protocol has been determined to be exempt

If you wish to make any modifications in the approved protocol that may affect the level of risk to your participants, you
must seek approval prior to implementing those changes. All modifications must provide sufficient detail to assess the
impact of the change.

If you have any questions or need any assistance from the IRB, please contact the IRE Coordinator at 109 MLKG
Building, 5-2208, or irb@uark.edu.

cc.  David Dobrzykowski, Investigator
Brian S Fugate, Investigator
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