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Abstract

This dissertation focuses on ride-hailing platforms such as Didi, Grab, Lyft, and Uber, innovative
on-demand online services that quickly match riders with drivers. Specifically, it investigates how
platforms optimize their outcomes under varying internal policies and environmental factors while

considering stakeholder behavior. The research is divided into two studies.

Chapter 2 reviews 89 publications published in operations and supply chain management
journals about challenges that ride-hailing platforms face in day-to-day operations. An
organizational framework is presented to synthesize the central research questions addressed in
the existing literature, with these central research questions generally focusing on the impact that
interactions among stakeholders and environmental factors have on ride-hailing platform
outcomes, rider experience, and driver welfare. The organizational framework classifies the 89
publications into five main themes and identifies future research directions. One important
research direction is the need for more research into mechanisms (e.g., information sharing) that
encourage desired driver behavior, particularly their relocation decisions across zones to balance

supply and demand.

Chapter 3 investigates how sharing information about the proportions of ride requests, drivers,
and average ride distances between zones affects (i) regret-averse drivers’ decisions to relocate and
(i) matching efficiency and the platform’s profitability. Of particular interest is whether
information sharing can substitute for monetary compensation, the extent of this effect, and the
conditions under which different information is most effective. Using a two-period Stackelberg
game, we compare various information-sharing strategies against a baseline model that only shares
surge multipliers, with the objective of either maximizing the platform’s profit or supply-demand
matching efficiency. Our findings affirm that surge pricing is beneficial when there is an imbalance
between supply (i.e., idle drivers) and demand (i.e., ride requests). Importantly, information can
generally serve as a substitute for financial incentives, with its effectiveness depending on the
degree of imbalance between idle drivers and ride requests and shared information. Higher

relocation costs, moreover, can further amplify the benefit of sharing more information.
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Chapter 1

Introduction

Over the past decade, ride-hailing has emerged as a global trend (e.g., Afeche et al., 2023),
with many individuals opting for it over conventional taxi services. Typically, ride-hailing
platforms (e.g., Lyft and Uber) utilize GPS tracking to connect potential riders with drivers via
mobile applications (or apps). These apps allow users to book rides in real time, track their drivers,

and manage payments within the app's interface.

Ride-hailing services have grown significantly over the past decade, driven by several factors,
including increased smartphone penetration, advancements in mobile technology, which provide
a more seamless and user-friendly experience, and changing consumer preferences. The global
ride-hailing market is expected to grow 11.45% from USD 53.02 billion in 2025 to USD 91.16
billion by 2030 (Mordor Intelligence Research & Advisory, 2025). Between September 2023 and
2024, Uber, for example, grew active platform users to an average of 161 million monthly, a
13.38% increase. During the same period, Uber grew its driver and courier pool by 14.7% from
6.9 to 7.8 million. The 7.8 million drivers and couriers facilitated 2.87 billion trips as of September

2024, while collectively earning $18 billion.!

Ride-hailing platforms offer several benefits, including promoting sustainable transport (e.g.,
Yu et al., 2019), reducing the number of single-occupancy vehicles (e.g., Arora et al., 2024),
meeting ride requests in real time quickly and at a reasonable cost (e.g., Cachon et al., 2017), and
alleviating traffic congestion (e.g., Naumov and Keith, 2023). Despite these advantages and
significant growth in recent years, ride-hailing platforms face various challenges in optimizing
their service and ensuring successful implementation (c.f., Benjaafar et al., 2022). One prominent
and ongoing challenge for ride-hailing platforms is the efficiency of matching supply (i.e., drivers)

to demand (i.e., ride requests) dynamically across geographical regions (i.e., zones).

This dissertation comprises two essays that contribute to the literature on ride-hailing
platforms. The overarching question underlying both essays is the following: How do ride-hailing

platforms optimize their outcomes (e.g., services and profitability) under different internal policies

! Uber statistics from https://backlinko.com/uber-users.
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and environmental factors while considering stakeholders' behavioral factors? This overarching
question encompasses several research questions that have garnered much research attention since
2016. Bai et al. (2019), for example, asked how ride-hailing platforms should set pricing for riders

and wages for drivers when riders are price-sensitive and drivers are earnings-sensitive.

Although research on ride-hailing platforms has been reviewed as a subset of the sharing
economy in some review articles (e.g., Hawlitschek et al., 2018; Wang and Yang, 2019; Tirachini,
2020; Tafreshian et al., 2020), a comprehensive and systematic review from the operations and
supply chain management (OSCM) domain is missing. Chapter 2 addresses this gap and reviews
the literature on ride-hailing platforms by focusing on research published in OSCM journals
pertaining to the challenges ride-hailing platforms face regarding day-to-day operations. A primary
focus of research on ride-hailing platforms in OSCM regards the impact that interactions among
stakeholders and environmental factors have on ride-hailing platform outcomes (e.g., profit and
service level maximization), riders (e.g., delay minimization), and/or drivers (e.g., labor welfare).
Chapter 2 analyzes 89 relevant publications and develops an overarching framework to synthesize
the five prevalent themes reflected in OSCM research on ride-hailing platforms, namely (i) ride-
hailing platform’s decisions affecting platform, rider, and driver outcomes; (ii) demand-side and
supply-side behaviors affecting ride-hailing platform’s decisions and stakeholder outcomes; (iii)
ride-hailing platform’s decisions affecting driver and/or rider behavior and stakeholder outcomes;
(iv) environmental factors affecting ride-hailing platform’s decisions and stakeholder outcomes;
and (v) economic, environmental, and social impacts of ride-hailing platforms. These five themes
highlight five future research directions for OSCM scholars to consider, including (i) interactions
among mechanisms for desired driver behavior, (ii) competition for riders and drivers, (iii) ride-
hailing collaboration with other ride-hailing platforms or car-rental companies, (iv) regulatory

agencies as stakeholders, and (v) sharing untruthful information.

Chapter 3 focuses on how ride-hailing platforms can efficiently match supply (i.e., drivers) to
demand (i.e., ride requests) dynamically across geographical regions (i.e., zones). Supply-demand
matching in this context is challenging because drivers in the ride-hailing sector typically operate
as independent contractors with flexible schedules, deciding where and when to work. Specifically,
Chapter 3 asks the following related research questions: What is the impact on drivers’relocation

decisions and the platform s profitability from sharing information about (i) the demand-to-supply



ratio in the non-surge zone, (ii) the ratio of the average ride distance for the surge zone to the
average ride distance for the non-surge zone, and (iii) the proportion of drivers initially located
in the non-surge zone? Which pieces of information should a platform share with drivers to
encourage an adequate number of drivers to relocate to surge zones under different parameter
regimes? Under what conditions can sharing of information substitute for offering of financial
incentives (i.e., surge pricing) to impact drivers’ relocation decisions and the platform’s
profitability? Chapter 3 develops a two-stage Stackelberg game to optimize supply-demand
matching efficiency and profitability for ride-hailing platforms. The platform determines the
optimal surge multiplier to offer and selects specific pieces of information to share with drivers.
Chapter 3 determines how information sharing, in addition to surge pricing, influences drivers’
relocation decisions, as well as conditions under which surge pricing can be substituted with
information sharing. The latter research findings enable ride-hailing platforms to lower their
operational costs while enhancing supply-demand matching efficiency. These analytically derived
research findings complement prior scholarly work on supply-demand matching via drivers’

relocation decisions (e.g., Guda and Subramanian, 2019; Hu et al., 2022; Jiang et al., 2021).

Chapter 4 has a threefold objective. First, it provides a summary overview of this dissertation.
Second, it discusses the contributions of the findings presented in Chapters 2 and 3. Finally, it

highlights future research opportunities from Chapters 2 and 3.



Chapter 2

Ride-Hailing Platform Research in
Operations and Supply Chain Management:
A Review and Future Directions



Abstract

Ride-hailing platforms, innovative on-demand online services that quickly match riders with
drivers, aim to provide sustainable transportation solutions and alleviate congestion. These
platforms have experienced exponential growth in recent years and have significantly impacted
the global economy. To explore the key aspects of this industry, we present an organizational
framework that synthesizes the central research questions in the existing literature, classifies the

body of work into five main themes, and identifies key directions for future research.

Keywords: Sharing economy; Ride-hailing; Operations management; Online platforms



2.1. Introduction

Ride-hailing, a prominent aspect of the sharing economy, involves a transportation mode where a
ride-hailing platform promptly connects riders with available drivers. Uber, Lyft, and DiDi are
among the key players in this industry. These ride-hailing platforms offer drivers the advantages
of flexible, self-scheduled work while providing riders with rapid and adaptable travel options.
Drivers in the ride-hailing sector typically operate as independent contractors with flexible
schedules. Scholarly interest in ride-hailing platforms has markedly increased since 2014. The
ride-hailing industry commands attention not only in academic research but also in practical
implementation. In 2024, the global ride-hailing market was valued at USD 165.6 billion and is
projected to grow to USD 190.1 billion by 2026, with an estimated value of approximately USD
216 billion by 2028 (Statista, 2025).

Research on ride-hailing platforms spans multiple disciplines, with publications in operations
and supply chain management (e.g., Feng et al., 2021), economics (e.g., Angrist et al., 2021), and
transportation (e.g., Haferkamp et al., 2024) journals. In reviewing the relevant literature on ride-
hailing platforms, this chapter focuses on research published in operations and supply chain
management journals pertaining to the challenges ride-hailing platforms face regarding day-to-day
operations. Indeed, a significant portion of research on both ride-hailing platforms and the broader
sharing economy focuses on operational challenges (Tafreshian et al., 2020). These operational
challenges require ride-hailing platforms to make decisions to impact supply-side (i.e., driver) and
demand-side (i.e., rider) behavioral factors, while considering constraints imposed on the industry
from regulatory mechanisms and from competition among ride-hailing platforms or with the taxi

industry.

Section 2.2 explains the identification and selection of articles to be reviewed, as well as how
selected articles are reviewed. Section 2.3 presents an overarching framework about research on
ride-hailing platforms published in operations and supply chain management journals that
subsumes five main themes. Section 2.4 identifies and discusses five future research opportunities

before concluding in Section 2.5.


https://www.statista.com/topics/4919/lyft/

2.2. Identifying, Selecting, and Reviewing Relevant Articles

2.2.1. Identifying Relevant Articles

Relevant articles are identified following three steps.

Step 1 - Primary studies: 1 searched for review articles in Google Scholar using the terms “ride-
hailing,”
Hawlitschek et al. (2018): 936 citations; Sutherland and Jarrahi (2018): 824 citations; Wang and
Yang (2019): 473 citations; Tirachini (2020): 409 citations; Benjaafar and Hu (2020): 280

citations; Chen et al. (2020): 219 citations; Tafreshian et al. (2020): 108 citations; Klarin and

ride-sharing,” and “sharing economy.” This search yielded nine review articles:

Suseno (2021): 97 citations; and Rojanakit et al. (2022): 92 citations. Of the nine, the five with the
highest number of citations were selected for a thorough review. This helped to identify relevant

keywords related to research on ride-hailing platforms.

Step 2 - Keyword identification: 1 identified keywords to be used in searching for relevant articles.

These included “ride-sharing,” “ridesharing,” “ride sharing,” “ride-hailing,” “ride hailing,” “ride
share,” “rideshare,” “ride-sourcing,” “ride sourcing,” “ride pooling,” “ride-pooling,” “ride
matching,” “ride-matching,” “sharing economy,” “flexible driver,” “peer-to-peer,” “peer to peer,”

and the names of the most prominent ride-hailing platforms, such as “Uber,” “Lyft,” and “Didi.”

2% ¢ 29 ¢ 9% ¢ 1 9% ¢ 99 ¢
2

“Car-pooling,” “car pooling,” “carpooling,” “car pool,” “car-pool,” “car-sharing,” “car sharing,”

and “carsharing,” which refer to short-term auto-sharing, were excluded.

Step 3 - Search databases: 1 searched the Web of Science Core Collection using the keywords from
Step 2. The search spanned the last 15 years from the inception of the ride-hailing industry initiated
by Uber in 2009 up until 2024. The search found 6772 articles whose titles, abstracts, and/or
keywords contained the specified search terms. Excluding non-English articles, conference papers,

theses, and dissertations yielded a total of 4150 journal articles.
2.2.2. Selecting and Coding Relevant Articles

Research into ride-hailing emerged around 2011. Amey et al. (2011), for example, compared it
with the taxi industry and delineated potential benefits and obstacles. Agatz et al. (2011), another
example, focused on the scheduling and routing problem in these services. Research interest in

ride-hailing within operations and supply chain management appeared later, around 2016,



primarily through conference papers (e.g., Chen and Sheldon, 2016). To select relevant papers to

review, the following selection criteria shown in Table 2-1 were applied:

Table 2-1. Criteria for paper selection

Selection Criterion Reason for Criterion Number of Articles

Research on ride-hailing platforms by operations and
Being published after 2016 supply chain management disciplinary scholars can be 4102
traced back to 2016 and not before

Being published in journals in the Web of Science

(WOS) categories “Management”, “Operations These Using WOS categories include journals likely to
Research Management Science”, “Transportation”, publish research relevant to operations and supply 198
“Business”, “Engineering Manufacturing” and chain management

“Engineering Industrial”

Being published in peer-reviewed journals and/or the
journals ranked A in on the Australian Business Deans
Council (ABDC) list

Journals ranked A are likely to have greater

. . 134
requirements for research rigor

Research not about ride-hailing platforms, their
Being relevant to ride-hailing platforms operational challenges or decisions, and the impact of 89
these challenges and decisions are not relevant

Table 2-2 shows the distribution of the 89 journal articles for review.

Table 2-2. Distribution of reviewed papers

Journal 2017 2018 2019 2020 2021 2022 2023 2024 Total
Management Science 0 0 1 1 3 4 2 0 11
Manufacturing & Service Operations I I I 0 5 5 6 1 18
Management

European Journal of Operational Research 0 0 1 2 2 0 1 1 7
Journal of Business Research 0 0 0 0 0 1 1 0 2
Transportation Science 0 0 1 0 1 3 1 2 8
International Journal of Production Economics 0 0 2 0 1 2 2 1 8
Production and Operations Management 0 0 0 0 2 3 2 1 8
Operations Research 0 0 2 0 0 3 1 2 8

Omega 0 0 0 0 3 0 0 2 5

Journal of the Operational Research Society 0 0 1 0 0 0 0 1 2
International Journal of Production Research 0 0 0 0 0 1 0 0 1
IEEE Transactions on Engineering Management 0 0 0 0 1 1 1 0 3
Journal of Operations Management 0 0 0 0 0 0 3 0 3
Decision Sciences 0 0 0 1 0 0 2 0 3

memadont JumalofOpions & g 000010
Total 1 1 9 5 16 23 23 11 89

The 89 articles were subsequently evaluated and coded for the following information: year of

publication, journal name, research question(s), primary methodological approach (i.e., analytical,



empirical, or hybrid), name of methodology used, and main insights. Appendix A in this chapter

summarizes the coded information by article in order of year of publication.

2.3. Organization of Relevant Research

The 89 articles that were reviewed can be organized as shown in Figure 2-1. Ride-hailing platforms
typically involve three stakeholders: the platform itself, riders (i.e., the demand side), and drivers
(i.e., the supply side). A primary focus of research on ride-hailing platforms in operations and
supply chain management regards the impact that interactions among stakeholders and
environmental factors have on ride-hailing platform outcomes (e.g., profit and service level
maximization), riders (e.g., delay minimization), and/or drivers (e.g., labor welfare). This focus
can be divided into five relevant themes, denoted by combinations of the arrows shown in the

legend at the bottom of Figure 2-1.

Figure 2-1. Research on Ride-Hailing Platforms
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Theme 1: Ride-hailing platform s decisions affecting platform, rider, and driver outcomes: This
theme investigates the influences of ride-hailing platforms’ decisions on achieving optimal
outcomes for different stakeholders. These decisions, in this context, include pricing strategies
for riders (Lee et al., 2023), wage setting for drivers (Zhong et al., 2019), incentive mechanisms
for encouraging desirable behaviors (Garg and Nazerzadeh, 2022), and pool ride offering
(Jacob and Roet-Green, 2021). A substantive subset within this research focuses on developing
algorithms to support the ride-hailing platform’s decision to optimize supply-demand matching
(Afeche et al., 2023; Besbes et al., 2022).

Theme 2: Demand-side and supply-side behaviors affecting ride-hailing platform’s decisions
and stakeholder outcomes: This theme examines the interactions between the platform, riders,
and drivers, including research on the impact of demand-side behaviors (e.g., price sensitivity,
delay sensitivity, safety sensitivity, and multi-homing behaviors) and/or supply-side behaviors
(e.g., spatial relocations, cancellation tendencies, earnings sensitivity, and collusive behavior)
on the platforms’ decision-making processes (e.g., setting prices for riders and financial
incentives for drivers).

Theme 3: Ride-hailing platform’s decisions affecting driver and/or rider behavior and
stakeholder outcomes: This theme examines the impact of ride-hailing platform’s decisions on
demand-side and/or supply-side behaviors. Also relevant are investigations into the outcomes
for ride-hailing platforms, riders, and/or drivers (Allon et al., 2023; Guda and Subramanian,
2019).

Theme 4: Environmental factors affecting ride-hailing platforms decisions and stakeholder
outcomes: This theme corresponds to research on the influence of external environmental
factors (e.g., regulatory mechanisms and competition with public transportation or the taxi
industry) on ride-hailing platform’s decisions. These decisions—related to pricing, financial
incentives, and fleet size—subsequently affect outcomes for stakeholders within the ride-
hailing ecosystem (Nie et al., 2024; Zhang et al., 2023).

Theme 5: Economic, environmental, and social impacts of ride-hailing platforms: This theme
is distinct in that the research focus is on the broader impact of the emergence or existence of
the ride-hailing industry on the economy, environment, and society at large (Liu et al., 2021;

Barrios et al., 2023).
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The sections below provide greater details for each of the five themes.

2.3.1. Theme 1: Ride-Hailing Platform’s Decisions Affecting Platform, Rider, and
Driver Outcomes

The central question for Theme 1 is how ride-hailing platform's decisions influence the outcomes
for the platform, riders, and drivers. This multifaceted topic has been addressed by various seminal
studies, including Cachon et al. (2017), Bimpikis et al. (2019), Guan et al. (2022), and Zhang et
al. (2023). Table 2-3 summarizes the internal decisions made by ride-hailing platforms that affect
stakeholder outcomes, such as ride-hailing platform’s profits, labor welfare, rider surplus, and
service quality. As shown in Table 2-3, two primary ride-hailing platform’s decisions frequently
discussed in this context are pricing and the matching of supply and demand. Al-Kanj et al. (2020),
Ozkan (2020), and Wang et al. (2023) examine both decisions simultaneously.

Table 2-3. Theme 1: Ride-Hailing Platform’s Decisions Affecting Platform, Rider, and Driver Outcomes

Ride-Hailing Platform’s Decisions

Matching
Information sharing
Routing

Driver differentiation
Rider differentiation
Fleet size setting
Cooperation

Rider admission
(accept/reject)

Pool ride offering
Recharging and
repositioning EVs

Study

Cachon et al. (2017)
Agussurja et al. (2019) v
Bimpikis et al. (2019)
Braverman et al. (2019) v v
Lin & Zhou (2019)

Sun et al. (2019)
Al-Kanj et al. (2020)

Ozkan (2020)

Wang & Wu (2020)
Chakravarty (2021) v v
Feng et al. (2021)
Guo et al. (2021) v v
Jacob & Roet-Green (2021) v v v
Lin et al. (2021) v v v

Xu et al. (2021)

Yu et al. (2021)
Besbes et al. (2022)
Beirigo et al. (2022)
Chen et al. (2022b) v v v
Garg & Nazerzadeh (2022) v v v
Guan et al. (2022) v v

<«| Financial incentives

| Pricing
| Wage setting

<
AN

NIENIEN KN

NIENIEN IEN

<

NIENIEN KN
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Hu et al. (2022) v v v
Hu & Zhou (2022) v
Kullman et al. (2022) N v
Ma et al. (2022) v v
Pavone et al. (2022) v
Afeche et al. (2023) N
De Munck et al. (2023) v v
Lee et al. (2023) v v
Wang et al. (2023) v v v
Zhang et al. (2023) v v
Chen et al. (2024) N v
Krishnaprasad (2024) v N
Lyu et al. (2024) v
Wang et al. (2024a) N

2.3.1.1. Price Setting Strategies

Price setting strategies for riders constitute a significant portion of research within this theme, with
various methods employed to address the issue, including game theory (e.g., Ma et al., 2022),
dynamic programming (e.g., Garg and Nazerzadeh, 2022), queuing models (e.g., Jacob and Roet-
Green, 2021), and econometric modeling (e.g., Lee et al., 2023). Several studies focus on
comparing different pricing strategies. For instance, Lin and Zhou (2019) conduct a comparative
analysis of static pricing, dynamic pricing, and surge pricing, yielding notable findings: (a) static
pricing is optimal when the number of riders during high-demand periods is relatively low; (b)
surge pricing does not consistently outperform dynamic pricing; and (c) while dynamic pricing
significantly enhances ride-hailing platform’s profits, surge pricing approaches dynamic pricing in
profitability when the ride-hailing platform effectively manages diverse driver types or reduces its
commission rate. Chen et al. (2022b) also compare static and surge pricing, showing that surge
pricing becomes more profitable with a larger number of potential participants during non-peak
periods, whereas riders benefit more from static pricing when the commission rate and a drivers

compensation ratio are either sufficiently low or high across both models.

Several studies concentrate specifically on surge pricing and its impact on stakeholder
outcomes. Bimpikis et al. (2019) examine the relationship between demand patterns and surge
pricing on ride-hailing platforms, along with its effect on profitability and rider surplus. Using an
equilibrium model, their research reveals two key insights: first, optimal profits for the platform

and aggregate rider surplus are achieved when demand is evenly distributed across the network's
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locations; second, surge pricing significantly benefits the ride-hailing platform when demand is
unevenly distributed, emphasizing the importance of understanding demand dynamics for effective
pricing strategies. Ma et al. (2022) propose a spatial-temporal pricing (STP) strategy that aligns
incentives, ensuring subgame-perfect equilibrium by guaranteeing drivers consistently accept ride
assignments. They demonstrate that, regardless of historical context, the STP strategy yields
outcomes that are welfare-optimal, envy-free, individually rational, budget-balanced, and core-
selective. Lee et al. (2023) explore the interaction between surge pricing and capacity decisions
across space and time within a two-sided ride-hailing platform framework. Their empirical
analysis of surge pricing considers the proximal capacity effect—the impact of driver availability
in neighboring zones on pricing in a focal zone—and the proximal pricing effect—the influence
of prices in neighboring zones on pricing in the focal zone. By examining data from Uber's San
Francisco region, they show the significant and simultaneous influence of both effects on surge
pricing estimates, particularly during periods of high demand. Moreover, their study highlights the
importance of spatial proximity in shaping price distributions under conditions of heightened

service demand.

Garg and Nazerzadeh (2022) compare two prominent pricing strategies: additive pricing and
multiplicative pricing. In a single-state setting where ride requests arrive according to a Poisson
process, they established that multiplicative pricing is incentive-compatible. They then examine a
dynamic setting in which the market zone state stochastically transitions over time between surge
and non-surge conditions, characterized by varying trip payments, demand distributions, and
intensities. In this dynamic context, they find that additive pricing is incentive-compatible. Using
real data from a ride-hailing platform, they numerically demonstrate that additive pricing is more
compatible with incentives in practice than multiplicative pricing. Chen et al. (2024) also introduce
a framework for evaluating both static and dynamic pricing strategies to maximize a ride-hailing
platform’s cumulative expected profit in a nonstationary environment. They consider a setting
where a firm operates with a fixed number of drivers—similar to traditional taxi companies—
while facing demand fluctuations over time and across regions, as well as deterministic travel
times between locations. Pricing decisions not only influence immediate ride demand between
origin-destination pairs but also shape the future distribution of available drivers, as vehicles
become free to serve new requests only after completing trips. Consequently, supply availability

is temporally and spatially correlated, making the design of an effective dynamic pricing strategy
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complex. They develop a set of near-optimal heuristic strategies for dynamic pricing and
demonstrate, through numerical analysis, that dynamic pricing not only increases the platform’s
revenue but also enhances service levels by accommodating a greater number of riders compared

to static pricing approaches.

Besides pricing, several studies investigate wage or contract settings for drivers. For example,
Cachon et al. (2017) explore the complex dynamics of adjusting prices and wages in response to
demand fluctuations on ride-hailing platforms. Their research addresses the conditions under
which different contractual strategies—such as fixed contracts, dynamic price contracts, dynamic
wage contracts, commission contracts, and optimal contracts—can be implemented. Their study
produce several key insights: (a) optimal contracts substantially increase ride-hailing platform’s
profits compared to fixed price or wage contracts; (b) surge pricing, while not always optimal,
often achieves near-optimal profits; (c) when drivers become more expensive, surge pricing
benefits both drivers and riders, improving driver utilization and providing riders with lower prices
during periods of normal demand and increased service availability during peak times; and (d)
contrary to common criticisms, all stakeholders can benefit from the prudent use of surge pricing

on ride-hailing platforms with self-scheduling drivers.

Chakravarty (2021) explores the feasibility of ride-hailing platforms adopting a blended
capacity model that combines full-time drivers on fixed wages with independent drivers
compensated through revenue sharing. The study examined whether such a model could be
sustainable. Chakravarty concludes that a blended capacity ride-hailing platform can thrive under
conditions of high demand, a substantial pool of independent drivers, and moderate wage rates for
full-time drivers. This research highlights the potential viability of innovative operational models
within the ride-hailing industry. Similarly, Krishnaprasad (2024) studies ride-hailing platforms
operating with dual capacities, consisting of full-time drivers and self-schedulers, and analyzed a
non-discriminatory preferential policy to prioritize drivers. They investigate two policies: a
contingency capacity policy, where self-schedulers receive higher priority in demand allocation,
and a common-pool policy, where equal preference is given to both types of drivers. Their findings
suggest that the contingency capacity policy can deliver optimal profits for ride-hailing platforms

with a smaller full-time workforce.
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Research has also examined pricing strategies alongside other ride-hailing platform’s strategies
(e.g., ride pooling, rental car cooperation). For example, Jacob and Roet-Green (2021) investigate
the complexities associated with pooled rides, highlighting the challenges they present for both
ride-hailing platforms—such as reduced profit margins per rider—and for riders, including
extended travel times, despite the potential benefits they offer. They analyze how the availability
of both pooled and solo ride options influences ride-hailing platform pricing strategies. Their
findings reveal that the ride-hailing platform benefits from offering both solo and pooled rides
when there is a balanced distribution of rider types across low and high-demand segments.
However, under conditions of high congestion, the ride-hailing platform’s optimal strategy may

involve offering either solo or pooled rides exclusively, rather than both options simultaneously.

Lin et al. (2021) examine the problem of cooperation with car-rental companies in conjunction
with pricing strategies. They explore the complex balance that ride-hailing platforms must manage
as they increase cooperation with car rental companies to expand their driver pool and meet rising
demand. However, this collaboration can introduce inefficiencies in supply-demand matching,
potentially affecting rider and driver welfare by increasing wait times and driver idle periods. To
assess this trade-off, the authors evaluate the impact of partnerships with car rental companies on
ride-hailing platform’s profitability and rider and driver welfare. Their findings highlight the
nuanced dynamics at play: while collaboration with rental car companies can benefit the ride-
hailing platform, the resulting profit and pricing dynamics do not necessarily rise in tandem with
the influx of potential drivers, or the commission paid by rental car companies to the ride-hailing
platform. Additionally, they demonstrate that a win-win-win outcome—benefiting the ride-hailing
platform, riders, and drivers—can be achieved under specific conditions. This outcome is most
attainable when the ride-hailing platform either imposes a high commission rate or adopts a low
fixed payout ratio for drivers. Such conditions are favorable when the rider pool size or delay cost

is significant, while the driver pool size or service rate remains modest.

2.3.1.2. Supply-Demand Matching
Another issue of substantive interest within is the ride-hailing platform's decision-making process
regarding supply-demand matching. Researchers have employed various methodologies, such as

the Markov decision process (Agussurja et al., 2019), fluid models (Ozkan, 2020), game theory
(Afeche et al., 2023), dynamic programming (Al-Kanj et al., 2020), queuing theory (Feng et al.,
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2021), and mixed-integer optimization (Lyu et al., 2024) to propose algorithms aimed at
optimizing supply-demand matching. For example, Agussurja et al. (2019) develop a value-
iteration-based approximation algorithm to identify the optimal multiperiod vehicle dispatching
strategy. In this approach, the ride-hailing platform determines which subsets of demand to satisfy
in the current period, considering both standby demand and uncertain future demand. When
applied to a real-world public transport dataset from Singapore, their method demonstrates
improved convergence and enhanced solution quality as the sample size increases. Notably, the
method yields optimal results in scenarios characterized by higher distributional variability and
larger planning regions. Hu and Zhou (2022) focus on formulating an optimal supply-demand
matching policy to maximize the expected total discounted rewards, taking into account the
carryover of unmatched demand and supply to subsequent periods. Their study establishes a
priority hierarchy among potential matching pairs, with the optimal policy, determined by
matching rewards and subject to specified conditions, operating efficiently down to a threshold
when matching specific pairs. Pavone et al. (2022) investigate the driver-rider matching problem
using hypergraphs, with both utility maximization and cost minimization objectives. They present
a polynomial-time algorithm and prove that it achieves the optimal competitive ratio among

deterministic algorithms.

Several studies within this stream focus on minimizing waiting times for riders. Wang and Wu
(2020) address this issue by developing a data-driven system based on the Rolling Time Horizon
approach, typically applied in modeling time-series problems, to tackle the driver-rider matching
problem. More specifically, in the Rolling Time Horizon approach, the system redistributes driver
resources by solving an off-line optimization problem in each iteration that seeks to fulfill the
maximum number of both current and anticipated future ride requests. To achieve this, the off-line
problem incorporates parameters derived from historical data, specifically the spatiotemporal
patterns of future demand. Their results show that the proposed system significantly reduces
average waiting times and improves planning efficiency as compared to the traditional request-
driven dispatching method. Feng et al. (2021) extend the discussion by comparing two distinct
rider-driver matching systems: an on-demand system where the ride-hailing platform coordinates
driver-rider matches and a street-hailing system where drivers pick up the first rider they encounter.
Their study aims to evaluate efficiency gains provided by ride-hailing platforms and to assess

whether these ride-hailing platforms reduce rider waiting times as compared to traditional street-
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hailing mechanisms. The authors conclude that the efficiency of each approach is context-
dependent. Specifically, the on-demand system proves more effective in reducing rider waiting
times under conditions of low or high traffic intensity, whereas the traditional street-hailing system

performs better in environments characterized by moderate traffic intensity.

Besbes et al. (2022) develop a queuing model to address the driver-rider matching problem.
Although the “square root safety staffing rule” from the multi-server queueing literature
(Bassamboo et al., 2010) is traditionally employed to balance driver utilization and rider wait
times, their findings reveal that this rule does not achieve the desired balance between driver
utilization and rider wait times in ride-hailing platforms. Instead, they argue for drivers to apply a
higher safety factor, proportional to the offered load raised to the power of 2/3, to better balance
utilization and waiting time. In their study, Lyu et al. (2024) develop matching algorithms that can
balance competing objectives within the ride-hailing domain. These objectives encompass a
spectrum ranging from revenue optimization to minimizing rider waiting times, mitigating driver
idle periods, and prioritizing drivers based on their service scores. The authors propose a
compromise solution closest to the ideal solution that seeks to minimize the £,-norm-based
distance function, effectively aligning attained performance metrics with predetermined target
benchmarks. They demonstrate that riders can anticipate heightened service quality and reduced
waiting times, representing a marked improvement over existing policies that are fixated solely on

pick-up distance minimization while drivers.

Some studies in this stream address both routing and matching. Braverman et al. (2019)
develop a fluid model to identify the optimal rider-driver matching policy by incorporating an
empty-car routing mechanism. Their findings suggest that the optimal network utility derived from
fluid-based optimization establishes an upper bound on the utility in systems with a finite number
of cars, irrespective of whether the routing policy is static or dynamic, as long as the closed queuing
network maintains a stationary distribution. Guo et al. (2021) explore effective matching and
routing algorithms, as well as decision rules for dynamic timeframe segmentation. They formally
define the concepts of dynamic timeframes and commuter migration, introducing an innovative
model to assess matching quality. Their study proposes decision rules for segmenting timeframes
and developing an anticipation-based commuter migration method using historical matching data.

Additionally, they introduce a novel local search heuristic algorithm that efficiently generates near-
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optimal solutions within a short computational time. Xu et al. (2021) concentrate on improving
matching policies by explicitly modeling vacant trips between consecutive rider deliveries using a
game-theoretic model. Their experiments, utilizing data from Didi Chuxing on both the small-
scale Nguyen—Dupuis network and the more realistic Friedrichshain network, demonstrate that
their model can predict ride-hailing system performance and assess its impact on network traffic

conditions.

Guan et al. (2022) develop a heuristic algorithm to investigate the optimal policy for ride-
matching and routing, considering riders' dynamic mode choices. Their findings demonstrate how
ride-matching and routing decisions influence the outcomes for ride-hailing stakeholders. The
model simulates ride-hailing decision-making behavior based on cumulative prospect theory. A
series of computational experiments confirm the effectiveness and efficiency of their proposed
algorithm, using actual traffic data from Beijing, China. Zhang et al. (2023) develop a scalable
algorithm to support dial-a-ride routing with capacitated vehicles, time windows, and vehicle-rider
coordination. Their computational results show that this algorithm outperforms state-of-the-art
benchmarks, delivering significantly better solutions in shorter computational times and enabling
real-time operations in large-scale systems. They suggest that the primary benefits of driver-rider
coordination arise from thoroughly reoptimizing “upstream” operations rather than merely

adjusting “downstream” stopping locations.

Three studies investigate matching decisions alongside operational controls over supply and
demand within ride-hailing platforms. Afeche et al. (2023) analyze the impact of two operational
controls on drivers and ride-hailing platform’s profitability: demand-side admission control, which
enables the ride-hailing platform to accept or reject ride requests based on rider pick-up and drop-
off locations, and supply-side capacity repositioning, which allows the ride-hailing platform to
directly manage the timing and feasibility of drivers’ relocations from lower to higher demand
areas. Their findings indicate that, under certain conditions, the ride-hailing platform may benefit
from rejecting demand in low-demand zones, even when those zones have excess supply, thereby
incentivizing drivers to relocate to higher-demand areas. They also identify the maximum potential
benefit for both the ride-hailing platform and drivers resulting from enhanced ride-hailing platform
control measures. De Munck et al. (2023) examine rider admission and driver reservation policy

for later arrivals of impatient riders. They find that it offers advantages for the ride-hailing
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platform, riders, and drivers, significantly outperforming a policy that controls both rider
admission and rider reservation. Wang et al. (2024a) consider the effect of rider abandonment and
cancellations, deriving an optimality condition that leads to a policy adaptable to fluctuating
demand. Their results show that as the matching policy becomes more aggressive (e.g., by
enlarging the matching radius to expedite matches), the number of successful matches increases,
reducing idle drivers and waiting riders (and thus, fewer abandonments). However, this approach
compromises match quality (measured by pickup distance), leading to a higher rate of

cancellations.

Three studies within this stream focus on the integration of autonomous vehicles in ride-hailing
systems. Yu et al. (2021) optimize the matching, repositioning, and recharging operations for
electric autonomous vehicles (EAVs). They develop a Markov Decision Process model and
generate a vehicle pooling policy to serve ride requests and maximize the profit. Their experiments,
conducted using real data from Haikou city, demonstrate the superiority of their proposed policy
over the commonly used the “closest distance” policy and predetermine recharging rules in terms
of increasing revenue and reducing response time. They find that performance is influenced by
factors such as the number of available EAVs, request arrival rates, and the number of recharging
stations, with response times decreasing as fleet size and the number of recharging stations
increase. Beirigo et al. (2022) explore how to efficiently match autonomous vehicles with riders.
Their proposed policy outperforms a reactive optimization approach across various vehicle
availability scenarios while requiring fewer vehicles. They show that mobility services can offer
stringent service-level agreements to different user groups by incorporating delay and rejection
penalties. Kullman et al. (2022) examine how a third-party operator controlling a fleet of electric
vehicles for ride-hailing services can optimize matching, repositioning, and recharging operations.
Their most effective policy, trained using deep reinforcement learning, consistently outperforms
the re-optimization approach across different instance sizes and could be scaled to larger instances

without the need for retraining.

2.3.1.3. Supply-Demand Matching and Price Setting

A subset of research within this theme explores matching decisions alongside price setting
strategies. This stream began with Sun et al. (2019), who investigates the optimal pricing strategy

under two types of driver selection: first-to-respond or closest-to-the-rider. Their game-theoretic
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model demonstrates that the ride-hailing platform's pricing structure should include a fare based
on ride length (relative to standard taxi fares) and an additional fee for rush hour congestion, which
increases with rider waiting costs. Accordingly, ride-hailing platform pricing can fall below
standard taxi rates when traffic conditions are optimal, the ride-hailing platform’s commission is
sufficiently low, and drivers have modest profit expectations. Al-Kanj et al. (2020) extend this
problem by incorporating electric vehicles. They address the dispatch problem, including rider-
vehicle allocation, recharging, repositioning, parking, surge pricing, and determining the optimal
fleet size of electric vehicles. They propose an operational dispatch strategy to determine which
driver to assign to a particular trip, with their proposed strategy outperforming the myopic policy
that assigns drivers to riders without accounting for future consequences of these decisions by

17%.

Ozkan (2020) investigates the interplay between pricing and matching decisions. By
partitioning the city into disjoint areas, the study questions whether fixing matching decisions to a
simple rule while optimizing pricing decisions alone suffices for optimal performance. Their
analytical results indicate that joint optimization of pricing and matching decisions significantly
enhances ride-hailing platform performance, underscoring the interdependence of these two
elements. Hu et al. (2022) explore ride-hailing platform’s matching decisions in the context of
surge pricing dynamics, with a focus on temporal considerations and information sharing.
Examining the temporal complexities inherent in ride-hailing operations, their study identifies
optimal surge-pricing policies while accounting for the strategic behaviors exhibited by both riders
and drivers. They demonstrate that short-lived, sharp price surges tended to incentivize high-value
riders to delay their trips, leading to an influx of drivers into the region to serve riders at lower
prices. Wang et al. (2023) develop an exact method to solve the first-mile ride-hailing problem.
The first-mile ride-hailing problem plans routes and schedules for a fleet of identical vehicles to
pick up requests from geographically dispersed riders within specified time windows and transport
them to a single destination before their deadlines. The proposed exact method is based on a
branch-price-and-cut (BPC) algorithm, combining state-of-the-art techniques with an innovative
pricing algorithm and is capable of solving a modified Solomon benchmark instances with up to
100 riders, as well as real-world instances with up to 290 riders. The proposed method helps ride-

hailing platforms arrange routes to improve the utilization of vehicles, satisfy ride requests given

20



deadlines (e.g., delivering the riders to the airport), and earn high rider satisfaction while

minimizing the routing costs.

2.3.2. Theme 2: Demand-Side and Supply-Side Behaviors Affecting Ride-Hailing
Platform’s Decisions and Stakeholder Outcomes

The core question for Theme 2 is what rider and driver behaviors and attributes affect ride-hailing
platform s decisions and consequently stakeholder outcomes. Noteworthy examples include Bai et
al. (2019), Jiang et al. (2021), Mejia and Parker (2021), and Wang et al. (2024b). Table 2-4
summarizes research relevant to this theme, with a main focus being the impact of demand-side
and supply-side behaviors on ride-hailing platform’s decisions about prices, wages for drivers, and

financial incentives (i.e., surge pricing and bonuses).
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Table 2-4. Theme 2: Demand-Side and Supply-Side Behaviors Affecting Ride-Hailing Platform’s Decisions and Stakeholder Outcomes

Ride-Hailing Platform’s Decisions

Demand-Side Behaviors

Supply-Side Behaviors
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Taylor (2018) v v v v
Bai etal. (2019) v v v v
Zhong et al. (2019) v v v
Bernstein et al. (2021) v v v v v v
Dong & Leng (2021) v v v v
Jiang et al. (2021) v v v
Mejia & Parker (2021) v v
Tang et al. (2021) v v v v v
Chen et al. (2022a) v v v
Cohen et al. (2022) v v
Choi & Shi (2022) v v
Tripathy et al. (2022) v v v v v v
Idug et al. (2023) v N v
Wang et al. (2024b) v v v v v N N v
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Taylor (2018) investigates how rider sensitivity to delays and driver sensitivity to earnings
influence the optimal pricing and wage policies of ride-hailing platforms. The study provides
several key insights as follows: (a) when rider valuation uncertainty is moderate, increased delay
sensitivity raises optimal prices; (b) higher driver opportunity cost uncertainty, combined with
moderate expected opportunity costs, reduces optimal wages; (c) driver independence tends to
lower prices under driver opportunity cost uncertainty; and (d) under rider valuation uncertainty,
driver independence raises prices only if valuation uncertainty is sufficiently high. Zhong et al.
(2019) concentrate on wage-setting for drivers in scenarios where ride-hailing platforms employ
both permanent and temporary drivers who drive for multiple ride-hailing platforms and are
sensitive to earnings. Their findings reveal that: (a) a monopoly ride-hailing platform should offer
higher subsidies to attract temporary drivers, which leads to lower prices when both temporary and
permanent drivers are employed, compared to relying solely on temporary drivers; (b) ride-hailing
platforms can achieve higher profits, as well as increased rider surplus and social welfare, by
employing a mix of temporary and permanent drivers; and (c) the employment of permanent
drivers significantly alters the effect of competition on optimal strategies, rider/driver surpluses,

and social welfare.

Bai et al. (2019) advance this research by addressing how ride-hailing platforms should
simultaneously determine prices for riders and wages for drivers. Using two queuing models—a
base model with a fixed payout ratio and an extended model with a time-based payout ratio— they
recommend that ride-hailing platforms raise driver commissions when demand rises, capacity
declines, or riders become more sensitive to delays. Moreover, they find that optimal ride-hailing
platform pricing does not necessarily follow a monotonic trend in response to changes in driver
capacity or waiting costs. Dong and Leng (2021) examine optimal strategies for setting unit wages
and service prices under conditions where riders are sensitive to delays. Their analysis includes
situations where riders choose when to use ride-hailing versus taxi services, while drivers retained
the flexibility to accept or reject ride requests. Their study reveals several insights: (a) in response
to increased rider demand, ride-hailing platforms should raise distance fares, wages, and the payout
ratio to attract more drivers; (b) conversely, an influx of drivers warrants a reduction in both
distance fares and wages, along with a possible decrease in the payout ratio to maximize

profitability; (c) a simultaneous increase in both rider and driver numbers can significantly boost
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ride-hailing platform’s profits, provided these numbers remain below specific threshold levels; and
(d) ride-hailing platforms benefit most when there is a balanced growth in both rider and driver

numbers, highlighting a symbiotic relationship between demand and supply dynamics.

Wang et al. (2024b) explore pricing strategies for ride-hailing platforms offering two service
modes: a deterministic service mode, where riders select a specific service option, and a
probabilistic service mode, where riders request a service knowing that they may be assigned to
one of several service classes by the ride-hailing platform. Riders are sensitive to price, quality,
and congestion, while drivers are sensitive to earnings. Their findings demonstrate that ride-hailing
platform’s price setting strategies and service allocations are influenced by both demand-side and
supply-side behavioral factors. The decision between a deterministic or probabilistic approach
depends on the riders' base valuation and its variability, and incorporating a bundled option does
not always result in increased ride-hailing platform’s profits. Some research focuses on financial
incentive decisions. Bernstein et al. (2021) examine surge pricing in contexts where riders are
sensitive to both price and congestion and drivers multi-home across multiple ride-hailing
platforms and are sensitive to earnings. Their findings suggest that surge pricing benefits both
drivers and riders, particularly when drivers operate on multiple ride-hailing platforms. Tripathy
et al. (2022) explore the effects of driver collusive behavior on surge pricing policies within ride-
hailing platforms. Their research uncovers how drivers strategically manipulate surge pricing by
coordinating to create artificial shortages, triggering higher prices. They identify the conditions
under which such collusion is likely to occur and its implications for ride-hailing platform’s
profitability. Notably, they suggest that in certain cases, ride-hailing platforms might actually
benefit from elevated surge prices driven by rider demand persistence in the face of driver
collusion, underscoring the complex dynamics between strategic behavior and pricing within ride-
hailing ecosystems. Chen et al. (2022a) develop an econometric framework to analyze driver
working decisions when they have income targets. They identify optimal bonus rates for
maximizing peak-hour capacity and long-term profitability. By modeling data from a large sample
of DiDi drivers, their study reveals insights into income-targeting behavior, the non-monotonic
relationship between bonus rates and working hours, and the strategic allocation of bonus budgets

by ride-hailing platforms to optimize capacity and profitability.
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Jiang et al. (2021) investigate the influence of drivers' aversion to regret on their relocation
decisions between surge and non-surge zones and how this affects ride-hailing platforms’ financial
incentives and information-sharing strategies. Through a combination of theoretical modeling and
empirical experimentation, they identify key factors influencing drivers’ relocation decisions,
including the provision of fixed bonuses and information about demand-to-supply ratios. Their
study finds that drivers are more likely to relocate to surge zones when they exhibit higher regret
aversion, receive demand-to-supply ratio information, and are offered fixed bonuses, highlighting
the complex interaction between psychological factors and incentive mechanisms in shaping driver
behavior. Similarly, Cohen et al. (2022) focus on financial incentives from the rider’s perspective.
They examine the impact of targeted, proactive compensation sent to riders who experience
frustration, demonstrating that compensating frustrated riders is both profitable and increases
engagement. This approach is particularly effective for mitigating long wait times, though less so
for long travel durations. Moreover, the study shows that compensation is more impactful when
offered to frustrated riders than when provided to those who are not frustrated, with its

effectiveness being influenced by rider's prior usage frequency.

Two studies examine the role of gender- and race-related characteristics in ride-hailing
platforms. Mejia and Parker (2021) explore how rider characteristics, including gender, race, and
attitudes toward LGBT rights, affect drivers' cancellation rates and the ride-hailing platform's
decisions on sharing rider information. Through empirical analysis, they uncover persistent biases
in driver behavior, particularly concerning race and LGBT-related attributes. While no biases are
detected at the ride request stage, they emerge post-acceptance, though gender biases were not
observed. The study also highlights moderating factors, showing lower cancellation rates for non-
Caucasian riders during peak times, but no similar moderating effects are noted for riders signaling
support for LGBT rights. These findings provide nuanced insights into the complexities of
discrimination within the ride-hailing environment. Tang et al. (2021) conduct a comparative
analysis of traditional and “hybrid” ride-hailing systems, focusing on gender-related safety
concerns. They examine whether a hybrid system designed to serve only female riders could
benefit all stakeholders. Their results revealed mixed outcomes, with potential disadvantages for
male riders and females unconcerned with safety in a hybrid system. However, they identify

conditions under which transitioning to a hybrid model could create a win-win scenario for safety-
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conscious female riders and the ride-hailing platform, depending on the magnitude of mismatch

costs.

Choi and Shi (2022) and Idug et al. (2023) diverge from other studies within this theme by
focusing on more novel ride-hailing platform’s decisions. Choi and Shi (2022) examine the
implementation of blockchain technology by ride-hailing platforms and analyze optimal pricing
and hygiene level decisions during the COVID-19 outbreak, both with and without blockchain
adoption. They conclude that while blockchain implementation increases service costs, it also
improves hygiene standards. If riders have significant concerns about infection, blockchain
adoption can create a win-win scenario for the ride-hailing platform, drivers, and riders. However,
when drivers are responsible for maintaining hygiene standards, both the optimal service price and
hygiene level tend to be lower. Additionally, the study emphasizes that reducing fluctuations in
rider perceptions of service value is key to enhancing the benefits and effectiveness of blockchain
adoption. Idug et al. (2023) explore the impact of driver intention to comply with ride-hailing
platform’s guidelines on their operational performance and the ride-hailing platform’s decision
regarding guideline announcements. Using survey data from 513 Uber and Lyft drivers in the
United States, they find that driver intention to comply with guidelines has a positive effect on
their ratings and acceptance rates while reducing cancellation rates. Moreover, adherence to the
ride-hailing platform’s guidelines is linked to improved operational performance. Interestingly,
drivers believe that penalties for guideline violations are effective but also believe that the
likelihood of being caught for ignoring the guidelines is low, revealing a complex interplay of

perceived risks and incentives in the ride-hailing ecosystem.

2.3.3. Theme 3: Ride-Hailing Platform’s Decisions Affecting Driver and/or Rider
Behavior and Stakeholder Outcomes

The core question for Theme 3 is how ride-hailing platform'’s decisions affect driver and rider
behaviors and, consequently stakeholder outcomes. Noteworthy examples include Guda and
Subramanian (2019), Besbes et al. (2021), Allon et al. (2023), and Hu et al. (2024). Table 2-5
summarizes research relevant to this theme, with the main focus being the impact of ride-hailing
platform’s decisions about surge pricing (i.e., financial incentives) and sharing information with

drivers or riders on demand-side and supply-side behaviors.
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Table 2-5. Theme 3: Ride-Hailing Platform’s Decisions Affecting Driver and/or Rider Behavior and
Stakeholder Outcomes
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Haferkamp et al. (2024) v v v
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Four studies in this stream focus on the impact of surge pricing and information sharing on
driver spatial relocation behavior. Guda and Subramanian (2019) examine the effects of surge
pricing and forecast information sharing on drivers’ relocation decisions. Their subgame perfect
equilibrium model challenges traditional views by suggesting that surge pricing can, in some cases,
reduce demand in surge zones. Furthermore, they reveal the complexity of drivers’ relocation
decisions, indicating that merely providing drivers with information on where to relocate may be
insufficient. Interestingly, they find that strategic surge pricing could be advantageous even in
zones with excess supply, potentially yielding higher profitability than incentivizing drivers’
relocations, highlighting the intricate dynamics between driver behavior and ride-hailing
platform’s decisions on pricing and information sharing. Besbes et al. (2021) investigate the
influence of surge pricing on drivers’ relocation decisions, focusing on how optimal pricing across
different city locations affects driver strategies. They develop a solution aimed at balancing supply
and demand, revealing a pricing strategy that varies across locations to achieve equilibrium in
some areas while inducing congestion in others, effectively pricing out less profitable locations.

Their optimal pricing policy divides the city into multiple regions: the origin, the inner center, and
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the outer center. In the origin region, surge pricing has a positive effect, encouraging some drivers
to stay while others move toward this area. In contrast, drivers located in the outer center are too
far from the demand surge, prompting the ride-hailing platform to strategically adjust prices to

incentivize relocation toward the origin.

Haferkamp et al. (2024) examine the effects of sharing repositioning heatmaps on driver
availability, cancellation rates, and earning opportunities. Their findings suggest that well-
designed repositioning heatmaps can significantly reduce service cancellations, thereby
minimizing revenue loss for both ride-hailing platforms and drivers. Sharing these heatmaps with
drivers boosts their average earnings and helps stabilize income fluctuations across the driver pool.
Additionally, heatmaps contribute to a more equitable and efficient distribution of service coverage
across the city. Providing repositioning heatmaps to new and less experienced drivers can facilitate
their integration into the system, creating a more level playing field. Hu et al. (2024) build on Guda
and Subramanian (2019) by exploring how ride-hailing platform’s decisions regarding pricing by
region, cross-regional surge pricing, bonus incentives, and information sharing influence drivers’
spatial relocations, ride-hailing platform’s profits, and social welfare. They demonstrate that ride-
hailing platforms can either implement surge pricing or offer bonus incentives in neighboring
regions before demand peaks to balance supply and demand. Cross-regional demand amplifies the
effectiveness of bonus incentives while diminishing the efficacy of surge pricing. Moreover, the
ride-hailing platform prefers bonus incentives over surge pricing when only a small number of
drivers are required to relocate. While sharing information with drivers can encourage relocation,
its impact is limited, with only a portion of drivers choosing to move. Similar to Guda and
Subramanian (2019), Bimpikis and Mantegazza (2023) also examine the impact of strategic
disclosure of forecast demand information on drivers deciding whether to join the system. Through
an information design framework, they demonstrate the existence of a Bayesian equilibrium in
which the platform selectively reveals demand information to optimize its profitability. Their
findings suggest that the platform benefits from disclosing only partial information—indicating
whether demand is high or low—either to incentivize driver entry when participation costs are
significant or to deter entry to sustain higher prices. While this approach enhances the platform’s
profitability compared to both non-disclosure and full disclosure (when the outside option has
moderate value), it may negatively impact rider welfare by reducing the availability of idle drivers

and driving up prices. Yu et al. (2022) also explore the impact of information sharing but from the
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demand-side perspective. They investigate how providing waiting time information—both its
initial magnitude and subsequent updates—affects riders' abandonment behavior in virtual queues.
Their field experiment reveals that both the initial waiting time information and the frequency of
updates significantly influence rider abandonment rates. Adjusting the initial waiting time by one
minute had no impact on abandonment, as the effect of this adjustment was neutralized by frequent
updates. However, larger adjustments lead to abandonment rates being primarily driven by the

magnitude of the waiting time information.

Miao et al. (2022) and Allon et al. (2023) examine the effects of surge pricing on other supply-
side behavioral issues. Miao et al. (2022) investigate the causal relationship between surge pricing
and drivers’ earnings, revealing that while surge pricing increases drivers' weekly earnings, it
simultaneously reduces daily earnings due to competition effects outweighing cherry-picking
effects. Their study identifies surge pricing as a factor attracting more part-time drivers to the
market, which in turn crowded out full-time drivers. These findings illuminate the complex
dynamics between surge pricing, driver supply, and earnings distribution on ride-hailing platforms.
Allon et al. (2023), through an empirical study, explore the influence of financial incentives on
drivers’ decisions regarding whether to work and the number of hours worked. Their results
demonstrate a significant positive impact of financial incentives on both the decision to work and
the number of hours worked. Furthermore, they identify behavioral theories, such as income-
targeting behavior and inertia, and stress the importance of incorporating behavioral factors when

designing incentive schemes to prevent understaffing and maintain optimal service levels.

Three studies examine driver loyalty behaviors. Jia et al. (2020) investigate the impact of ride-
hailing platform’s decisions on mergers and acquisitions on supply network readiness and how
these decisions contribute to ride-hailing platform loyalty through enhanced driver and enhanced
rider satisfaction. They suggest that ride-hailing platforms can pursue mergers and acquisitions
strategies to integrate resources and reduce excessive competition within their industries. By
attracting more stakeholders to enhance supply network readiness and operational capacity, ride-
hailing platforms can better meet driver, as well as rider, expectations, thereby fostering
satisfaction and promoting ride-hailing platform loyalty. Ai et al. (2023) explore how ride-hailing
platform-led team formations influence the creation of team identity among drivers and drivers’

earnings. Their field experiment demonstrates that ride-hailing platforms can leverage team
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identity to boost both revenue and driver engagement in the gig economy. In their experiment,
drivers working in teams exhibited a 12% increase in earnings and put in more hours, with the
effect persisting for two weeks after the experiment, though at a diminished rate. Additionally,
drivers from the same hometown were more likely to communicate with each other, while drivers
in teams of similar ages continued to work longer hours and earn more even after the experiment
concluded. Lahiri et al. (2023) focus on ride-hailing platform’s feedback mechanisms and effects
on driver referral and churn behaviors, as well as the resulting operational effectiveness. They find
that goal-oriented feedback enhances various operational metrics, leading to improved resource
availability, increased driver referrals, and reduced driver turnover. Ride-hailing platforms can
enhance their operational efficiency and resource availability by combining targeted feedback with

a flexible commission structure for drivers.

2.3.4. Theme 4: Environmental Factors Affecting Ride-Hailing Platform’s Decisions and
Stakeholder Outcomes

The central question for Theme 4 is how environmental factors influence ride-hailing platform s
decisions and, consequently, the outcomes for ride-hailing platforms, drivers, and riders. Of
particular interest are regulatory mechanisms and market competition, with notable contributions
from Yu et al. (2020), Benjaafar et al. (2022), Siddiq and Taylor (2022), and Fan et al. (2024).
Table 2-6 identifies relevant research for this theme, with all but two studies not focusing on ride-
hailing platform’s pricing.

Table 2-6. Theme 4: Environmental Factors Affecting Ride-Hailing Platform’s Decisions and Stakeholder
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Zhong et al. (2022) Regulatory policies on pricing Traditional taxi industry

Diao et al. (2023) Traditional taxi industry

TWO non-coo| erative
P v v

Hu &Liu (2023) Regulatory policies on wage and price ride-hailing platforms

Regulatory policies for upper bounds on price

Zeng & He (2023) surges N4 v
Zhao et al. (2023) Government subsidies for peak carbon dioxide Two non-cooperative v v
) emissions ride-hailing platforms
Government intervention on expanding the
Fan etal. (2024) dedicated areas to automated vehicles v
Nic ot al. (2024) Government regulation on rider information v

collection (Privacy regulations)

Several studies within this theme explore the effects of regulatory mechanisms on ride-hailing
platform’s decisions and stakeholder outcomes in monopolistic environments. For example,
Benjaafar et al. (2022) examine how wage-floor regulations and an expanding driver pool impact
ride-hailing platform’s pricing and stakeholder welfare, finding that driver welfare initially rises
then falls as the driver pool grows and that an effective wage floor improves both driver and rider
welfare despite higher prices. Similarly, Siddiq and Taylor (2022) investigate the influence of
autonomous vehicle access on ride-hailing platform’s pricing and welfare, concluding that while
driver welfare declines with high-cost autonomous vehicles, social welfare increases with
individually owned autonomous vehicles, and ride-hailing platform’s profit depends on the
ownership structure and vehicle costs. Zeng and He (2023) explore how regulatory caps on price
surges influence ride-hailing platform’s surge pricing and the welfare of riders and drivers. Their
findings reveal a backward-bending demand curve, where rising prices initially boost demand due
to perceived convenience but later decrease it as price effects dominate. They argue that capping
price surges can align the financial interests of ride-hailing platforms with rider and driver welfare.
Fan et al. (2024) focus on how government expansion of AVs-only zones influences a ride-hailing
platform's fleet size decisions for automated and non-automated vehicles. Their study reveals that
as the size of AVs-only zones increases, the fleet of automated vehicles grows nonlinearly, while
the fleet of conventional vehicles decreases due to shifting demand. Initially, AVs-only zones might
cause detours for human-driven vehicles, but as the zones expand, they significantly reduce
congestion, providing substantial benefits. Similarly, Nie et al. (2024) study the impact of privacy
regulations, which control rider information collection and usage, on ride-hailing platform’s
pricing strategies and data collection. They find that privacy regulations push ride-hailing

platforms towards partial-coverage pricing, enhancing information security but potentially
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reducing benefits for all stakeholders. Thus, privacy regulation involves a trade-off between

economic benefits and information security.

A significant portion of research within this theme explores competitive environments where
ride-hailing platforms set policies while considering competition from public transportation and
other ride-hailing services. Yu et al. (2020) analyze the effects of regulating the maximum number
of registered drivers on ride-hailing platforms in competition with the taxi industry, finding that
without intervention, ride-hailing platforms can potentially displace traditional taxis, while
balanced regulatory policies and fare adjustments in the taxi industry can improve social welfare.
Similarly, Zhang et al. (2021) investigate dual-fairness concerns in the ride-hailing industry which
refers to (1) taxi driver concerns about unfair competition with ride-hailing drivers and (2) ride-
hailing driver concerns regarding lack of fairness in their job due to rating system and commission
schemes. They propose incentive strategies, such as revenue and demand sharing, to mitigate these
concerns. Their research demonstrates that government regulation of taxi fares could reduce
fairness-related issues and enhance ride-hailing platform’s profitability and social welfare,
highlighting the complex interplay of fairness, incentives, and regulation in the ride-hailing sector.
Zhong et al. (2022) study pricing strategies for ride-hailing platforms in competition with
traditional taxis under various government regulatory scenarios. They find that unregulated pricing
leads to higher rates and profits for ride-hailing platforms, while regulatory interventions should
focus on promoting competition by adjusting taxi supply based on demand levels. Diao et al.
(2023) explore conditions for coexistence between ride-hailing platforms and taxi companies,
showing that equilibrium pricing depends on the ratio of rider inconvenience costs and the demand
for long-distance rides. Inconvenience costs refer to all hassle costs that the riders incur (e.g.,
hailing the ride, walking, waiting, paying, etc.). Surprisingly, higher taxi inconvenience costs lead
to increased taxi fares, and reducing these costs can either benefit or harm both industries,

depending on ride distance distributions.

Other forms of public transportation have also been analyzed as competitors to ride-hailing
platforms. Li et al. (2021) study pricing strategies when ride-hailing platforms compete with
customized bus services, finding that optimal pricing for both services depends on their strategies,
with ride-hailing prices being a quadratic function of bus unit prices when the bus unit price is

known to ride-hailing platforms. Wei et al. (2022) examine conditions for coexistence between
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public transit and ride-hailing platforms, demonstrating that coordinated scheduling can reduce
systemwide costs, saving millions of dollars daily during rush hours while benefiting riders,
operators, and the overall system by reallocating public transit recourses to where they align with

rider preferences which leads to congestions reduction.

Competition between ride-hailing platforms has also been explored. Hu and Liu (2023) analyze
how regulatory policies that impose precommitments on ride-hailing platforms regarding rider
prices and/or driver wages affect equilibrium outcomes between competing platforms. They find
that regulatory policies on the more competitive side, whether on the demand or the supply side,
lead to lower outcomes compared to the absence of such policies. Therefore, platforms benefit
more from precommitments on the less competitive side. When competition is nearly equal, pre-
committing to commission rates is less profitable than avoiding commitment; however, this
reverses when competition levels are uneven. Zhao et al. (2023) focus on the impact of government
subsidies and environmental preferences of riders on ride-hailing platform’s pricing, fleet size, and
competitive equilibrium. They find that ride-hailing platforms using self-operated new energy
vehicles (NEVs) benefit more from government subsidies and green preferences than those using
franchised, driver-owned vehicles. However, higher government subsidies lead to lower optimal
ride prices for both types of platforms. They also highlight how capturing riders' green preferences
can help franchised ride-hailing platforms expand NEV fleets, supporting carbon peak goals.
Cohen and Zhang (2022) investigate the dynamics of competition and coopetition between ride-
hailing platforms, showing that competition for riders and drivers creates a unique equilibrium.
Their study reveals that coopetition can be mutually beneficial when demand-side competition is

intense but can harm one ride-hailing platform when competition is stronger on the supply side.

2.3.5. Theme 5: Economic, Environmental, and Social Impacts of Ride-Hailing
Platforms

The central question for Theme 5 is how ride-hailing services impact the economy, environment,
and society. Tseng and Chan (2019) initiate research interest related to this theme by examining
how ride-hailing platforms like Uber influence societal acceptance of the sharing economy. Their
case study reveals that Uber uses framing, aggregating, and bridging strategies to build credibility,
gain legitimacy, and drive institutional change. Offering a vision to the public, hosting charitable

events, and soliciting celebrity endorsements are examples of framing strategies to shape a positive
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brand image for Uber. Establishing links with potential drivers, holding frequent briefings,
providing discount codes, and signing petitions are aggregating strategies to increase legitimacy.
Securing more resources and partnering with car rental companies, allying with shops and events,
opening its API on the website, and sharing data with the government are examples of bridging

strategies to enhance legitimacy and drive institutional change.

A primary concern within this theme is the environmental impact of the ride-hailing industry.
Yu et al. (2019) propose a model to minimize carbon emissions and maximize average driver profit
for the Bilinear Geometric Ride-Sharing Problem (BGRSP). They develop an exact method by
eliminating most of the non-Pareto-optimal solutions, which can effectively reduce emissions
while maintaining driver satisfaction. Naumov and Keith (2023) examine the effects of ride
pooling on traffic congestion and greenhouse gas emissions in US cities by determining optimal
pricing strategies for both individual and pooled rides to bolster ride-hailing platform’s revenue
while incentivizing riders to opt for pooling. Doing so curbs vehicle miles traveled and mitigates
the environmental impact of urban transportation. Their study reveals that lowering driving costs
and offering uniform price reductions across both individual and pooled rides might decrease rider
preference for pooling. They highlight the need for differential pricing strategies, where prices for
pooled rides should be reduced, prices for individual rides should be maintained or increased,
especially as automated vehicle technologies lower service costs. Arora et al. (2024) investigate
the impact of promoting pooled transportation and reducing the number of ride-hailing drivers on
traffic congestion and greenhouse gas emissions. Their findings indicate that reducing walking
distances for pooled services can substantially reduce the commutes and decrease the number of
ride-hailing drivers, resulting in an annual reduction of up to 4.8 thousand tonnes of emissions and

cost savings exceeding one million dollars.

Several studies examine the safety-related impacts of the ride-hailing industry. Liu et al. (2021)
investigate moral hazard, which is measured by driver detour or the extra distance a driver adds to
the fastest route and service quality, finding that taxi drivers cover 8% more distance than Uber
drivers on metered airport routes, especially for nonlocal riders. Longer routing leads to increased
travel times, highlighting the need for ride-hailing platforms to mitigate driver moral hazard.
Barrios et al. (2023) conduct an empirical examination into the ramifications of the introduction

of ride-hailing platforms on fatal traffic accidents within US cities. Their findings reveal a 2%-4%
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rise in fatal accidents involving pedestrians and cyclists, linked to increased vehicle miles traveled
and traffic delays. Moreover, fatal accidents and fatalities exhibit an upward trajectory in tandem
with indicators of heightened driver adoption of ride-hailing platforms. They recommend
enhanced driver certifications and navigation algorithms that prioritize safety. Qiu et al. (2024)
study the effect of ride-hailing services on hate crimes, reporting a 5.75% decrease, likely due to
increased interactions between diverse groups as ride-hailing services foster positive environments

and interactions that promote mutual understanding among different groups.

Several studies investigate traffic congestion due to ride-hailing services. Li et al. (2022b) find
that ride-hailing services exacerbate (alleviate) traffic congestion in compact urban areas
(sprawling cities). The impact on traffic congestion is influenced by both the efficiency-enhancing
and demand-inducing effects of ride-hailing services, with the overall effect varying based on the
level of urban compactness. Agarwal et al. (2023) observe that during periods of strikes or ride-
hailing platform unavailability, travel times consistently decrease. This effect is most pronounced
in heavily congested regions during peak hours. The authors posit that ride-hailing platforms are
substantial contributors to urban congestion. Benjaafar et al. (2022) investigate the impact of the
ride-hailing industry on traffic and car ownership and show that while ride-hailing services might
decrease the number of car owners, they can also lead to increased traffic. As ownership costs rise,
both traffic and car ownership may increase. A revenue-maximizing ride-hailing platform might
prefer a scenario where vehicles are frequently driven with only a few riders, resulting in higher
traffic congestion. Gong et al. (2023) also find that Uber’s entry into a market correlates with a
short-term rise in vehicle ownership, particularly for small vehicles eligible for ride-hailing
platform use, driven by consumers seeking to capitalize on excess rents. This effect, however,
depends on vehicle size, with small vehicles experiencing a more significant increase in sales
compared to larger vehicles. Liu et al. (2024) explore the congestion effect due to ride-hailing
pick-ups and drop-offs, demonstrating that ride-hailing pick-ups and drop-offs reduce traffic speed
significantly. Their experiments in Manhattan reveal that redirecting these trips from curb space
can lower system-wide travel time by up to 2.44%. Curb space refers to a multi-purpose space to

be used for vehicular parking, loading and unloading, and rider pick-ups and drop-offs.

Besides concerns related to the environment, safety, and traffic congestion, researchers have

also investigated the impact of ride-hailing services on public transit usage (e.g., Pan and Qiu,
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2022), tourism (e.g., Tan et al., 2022), and sustainability more broadly (e.g., Guo et al., 2023). Pan
and Qiu (2022) reveal that Uber’s entry into a market decreases bus ridership significantly while
having little influence on public demand-response transit. Demand-response transit, often referred
to as paratransit, consists of services where vehicles operate without a fixed route or schedule,
except possibly for temporary accommodations, picking up and dropping off passengers at
designated locations based on individual service requests. Tan et al. (2022) note that consumption
habits, peer-to-peer consumption spillover, and taxi availability significantly shape tourist use of
ride-hailing services, with cost savings diminishing in importance over time. Moreover, safety
reputation and familiarity with the destination are not significant determinants of tourist behavior.
Guo et al. (2023) find that when ride-hailing services focus solely on economic objectives,
environmental and social outcomes are negatively impacted. Substantial reductions in carbon
emissions are, however, achievable with minimal economic sacrifices through pricing adjustments
or increases in driver commissions. Prioritizing travel time over travel distance also improved

economic, environmental, and social outcomes.

2.4. Future Research Directions

Appendix A highlights the dominance of analytical modeling in research on ride-hailing platforms
within the field of operations and supply chain management. While analytical models offer a
theoretical approach and insights to support decision-making, the complex dynamics of the ride-
hailing industry—shaped by ride-hailing platform, demand-side, and supply-side behaviors, as
well as external factors such as government interventions—may necessitate empirical research to
validate these analytical insights. For instance, theoretical results regarding the impact of ride-
hailing platform sharing with drivers on their relocation decisions (e.g., Guda and Subramanian,
2019; Hu et al., 2022) could be strengthened through empirical validation. Similarly, the findings
reported by Zhao et al. (2023) concerning the effect of government subsidies and riders'
environmental preferences on ride-hailing platform pricing, fleet size, and competitive equilibrium
could benefit from empirical evidence. Beyond the suggestion for empirical validation of
theoretical findings, this literature review identifies five future research opportunities for
operations and supply chain management researchers to undertake in order to advance

understanding of ride-hailing platform’s operations.
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2.4.1. Interactions among Mechanisms for Desired Driver Behavior

Research in Theme 3 examines the impact of ride-hailing platform’s decisions on driver behavior,
demonstrating that platforms can strategically implement various measures to influence driver
actions in alignment with their objectives. Financial incentives and information sharing are two
important ride-hailing platform’s decisions to manage driver availability across zones and enhance
supply-demand matching efficiency. Research on financial incentives shows that surge pricing can
motivate idle drivers to relocate from non-surge zones to surge zones (Bimpikis et al., 2019;
Cachon et al., 2017). Likewise, research shows that information sharing with drivers can also
motivate desired drivers’ relocation behaviors (e.g., Guda and Subramanian, 2019; Hu et al., 2024;
Haferkamp et al., 2023), with investigations analyzing the effects of sharing different pieces of
information with drivers, including market forecasts (Guda and Subramanian, 2019; Hu et al.,
2024); forecasts of ride requests, current and expected fleet distribution, and driver specific
locations (Haferkamp et al., 2023); and real-time demand (i.e., ride requests) and supply (i.e.,
availability of drivers) information for non-surge zones (Jiang et al., 2021) and surge zones (Hu et
al., 2022). Whether, and to what extent, these mechanisms complement or substitute for one
another in influencing desired drivers’ relocation behaviors and enhancing supply-demand

matching efficiency are interesting avenues for future research. More specifically:

a) Under what conditions would information sharing with drivers substitute for or strengthen
financial incentives to motivate desired drivers’ relocation behavior for a specific level of
supply-demand matching efficiency?

b) Do different types of information being shared impact desired drivers’ relocation behaviors

in varying ways?
These research questions are addressed in Chapter 3 of this dissertation.

2.4.2. Competition for Riders and Drivers

Research insights from Themes 2 and 3 are generally derived by assuming monopolistic
conditions. Ride-hailing platforms are frequently assumed to operate without direct competition
(e.g., Bai et al., 2019; Deng and Leng, 2021; Guda and Subramanian, 2019; Jiang et al., 2021;
Tripathy et al., 2022; Allon et al., 2023; Wang et al., 2024), with models typically assuming that

drivers work exclusively for a single ride-hailing platform and that riders are loyal and do not

37



switch across different ride-hailing platforms (e.g., Jiang et al., 2021). Theme 4, on the other hand,
includes a few studies (Hu and Liu, 2023; Zhao et al., 2023) exploring competition for riders and
drivers and examining win-win scenarios and sustainability outcomes for competing ride-hailing
platforms. Since multiple ride-hailing platforms often serve the same market, drivers often “multi-
home” and work for more than one ride-hailing platform, and riders typically have more than one
ride-hailing app on their mobile devices, assumptions of monopolistic conditions do not mimic
reality, with ride-hailing platforms necessarily competing for both drivers and riders. Research
relaxing assumptions of monopolistic conditions is thus encouraged to derive additional insights
on competitive dynamics among ride-hailing platforms serving the same markets and behavioral
aspects of demand-side and supply-side participants in these competitive settings. Of particular
interest are investigations into supply-side and demand-side behavioral factors that affect or are

affected by pricing decisions among competing ride-hailing platforms. More specifically:

a) Does information sharing by a ride-hailing platform adequately motivate desired drivers’
relocation behaviors when competitors offer surge pricing, and riders are not loyal?
b) When competing ride-hailing platforms serve the same market, are financial incentives

effective in discouraging drivers from working for more than one ride-hailing platform?

2.4.3. Ride-Hailing Collaboration with Other Ride-Hailing Platforms or Car-Rental
Companies

Ride-hailing platforms do collaborate with one another or with car-rental companies. Cohen and
Zhang (2022) from Theme 4, for example, explore the dynamics of coopetition (i.e., cooperation
and competition) between two ride-hailing platforms. Lin et al. (2021) from Theme 1 demonstrate
the benefits of ride-hailing platform’s collaboration with car-rental companies under monopolistic
conditions. Research on such collaborations, besides these two exceptions, is limited. The
prevalence of such collaborations calls for more research to explore the nature of such

collaborations and their advantages and disadvantages. More specifically:

a) How are collaborations between ride-hailing platforms structured? Between ride-hailing

platforms and car-rental companies?
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b) When ride-hailing platforms compete to partner with car-rental companies, are there win-
win-win solutions where both ride-hailing platforms and car-rental companies enjoy higher
profits from cooperating?

¢) How does ride-hailing platform’s collaboration with one another affect drivers’ relocation

behaviors and/or cancellation behavior? Rider behavior?
2.4.4. Regulatory Agencies as Stakeholders

For ride-hailing platforms, drivers and riders are not the only stakeholders with conflicting
interests; regulatory agencies also play a significant role. Theme 4 includes research exploring the
impact that local government or municipal agencies have on internal ride-hailing platform’s
decisions and outcomes via such regulations as the maximum number of registered drivers (Yu et
al., 2020), taxi fares (Zhang et al., 2021), wage floors for drivers and prices for riders (Benjaafar
et al., 2022; Hu and Liu, 2023; Zeng and He, 2023; Zhong et al., 2022), access to autonomous
vehicles (Fan et al., 2024; Siddiq and Taylor, 2022), and peak carbon dioxide emissions (Zhao et
al., 2023). The impact of these regulations on supply-side and demand-side behavioral factors,

however, has yet to be investigated. More specifically:

a) Under what conditions do regulations ensure the availability and fair treatment of all
transportation choices? For ride-hailing platforms competing for drivers and riders?
b) How and why do regulations influence driver loyalty to ride-hailing platforms or their

churning behavior?
2.4.5. Sharing Untruthful Information

Research from Theme 3 highlights the value of ride-hailing platform sharing information with
drivers. Anecdotal evidence, however, suggests that drivers often distrust the information given to
them by ride-hailing platforms.2 This distrust may be valid since ride-hailing platforms may have
an incentive to share misleading market information with drivers (Guda and Subramanian, 2019).
Distrust of information has also been investigated in a manufacturer-retailer setting as this relates
to conditions under which truthful information is revealed by either party (e.g., Berman et al.,

2019; Wei et al., 2023; Lu, 2024). Wei et al. (2023), for instance, investigate the relationship

2 https://www.forbes.comy/sites/lensherman/2024/01/16/will-2024-be-a-year-of-reckoning-for-ubers-driver-relations/
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between inventory sharing and demand learning to mitigate supply-demand mismatches,
examining how the incentive for untruthful information sharing changes by learning demand over
time. Given the similar power dynamic between ride-hailing platforms and drivers, the extent to
which ride-hailing platforms share untruthful information with drivers, the impact of sharing such
untruthful information on driver behaviors, and how this practice of sharing untruthful information
changes as drivers learn via repeated interactions with the ride-hailing platform are intriguing

research opportunities. More specifically:

a) Under what conditions would ride-hailing platforms share untruthful information?
b) What impact does untruthful information sharing have on driver behaviors initially and

over time?

2.5. Conclusions

This chapter provides a review of 89 academic research articles on ride-hailing platforms published
in operations and supply chain management journals. The publications coalesce around five
themes seeking to address the following questions: a) how do ride-hailing platform’s decisions
influence the outcomes for the platform, riders, and drivers?, b) how do rider and driver behaviors
and their attributes affect ride-hailing platform’s decisions and consequently stakeholder
outcomes?, ¢) how do ride-hailing platform’s decisions affect driver and rider behaviors and
consequently stakeholder outcomes?, d) how do environmental factors influence ride-hailing
platform’s decisions and, consequently, the outcomes for ride-hailing platforms, drivers, and
riders?, and e) what are the impacts of ride-hailing services on the economy, environment, and
society? Over 60 percent of the academic research on ride-hailing platforms are analytical
modeling papers. Empirical research is encouraged to validate the analytically derived theoretical

findings.

This chapter also identifies and encourages five future research directions. One is for research
on interactions between mechanisms deployed to incentivize desired drivers’ relocation behaviors,
particularly in assessing conditions under which information sharing can substitute for or augment
surge pricing. Another is for research into ride-hailing platform’s decisions, antecedents, and
consequences while relaxing assumptions of monopolistic conditions. A third encourages research

into the nature of ride-hailing platform’s collaborations with one another or with car-rental
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companies, as well as the advantages and disadvantages of such collaborations. The fourth is for
research focusing on the impact of regulations by regulatory agencies on ride-hailing platform’s
decisions and effects on drivers and riders. Finally, the fifth calls for more research into when ride-

hailing platforms share untruthful information with drivers and its impact on driver behaviors.
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Chapter 3

Managing Supply-Demand Imbalance in
Ride-Hailing: The Impact of Diverse
Information on Surge Prices
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Abstract

The ride-hailing market continues to grow, yet efficiently redistributing drivers amid fluctuating
demand remains a challenge. While platforms primarily use surge pricing to encourage relocation,
sharing relevant information—such as the proportion of ride requests and drivers in each zone or
the relative average ride distance—can also influence driver decisions. This study examines
whether information sharing can substitute for monetary incentives, the extent of this effect, and
the conditions under which different types of information are most effective. Using a two-period
Stackelberg game, we compare various information-sharing strategies against a baseline model
that only shares surge multiplier values, with the objective of either maximizing platform profit or
supply-demand matching efficiency. Our findings indicate that information can serve as a
substitute for financial incentives, with its effectiveness depending on the degree of imbalance
between idle drivers and ride requests. Higher relocation costs further amplify the benefit of
sharing more information. Thus, the study contributes to the ride-hailing literature by clarifying
how surge pricing and information interact and identifying what types of information are most

valuable and when.

Keywords: ride-hailing, surge pricing, on-demand platforms, information sharing, supply-demand

matching
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3.1. Introduction

Over the past decade, the proliferation of internet access and smartphones has fostered the growth
of the sharing economy. Ride-hailing, a prominent aspect of this industry, involves a transportation
model where a platform promptly connects riders with available drivers. Scholarly interest in ride-
hailing platforms has markedly increased, driven in part by the rapid expansion of companies like
Uber and Lyft. In 2014, for instance, there were 700,000 active Uber drivers, three times the
number of taxi drivers (Jiang et al., 2021). From 2009 to 2019, Uber and Lyft tripled the number
of U.S. drivers (Griswold and Kopf, 2019). Recent statistics indicate that Uber and Lyft,
respectively, have 7.8 million and almost 2 million active drivers globally (Uber Statistics, 2024;
Lyft Statistics, 2024). Furthermore, the ride-hailing market continues to see significant increases,
with the customer-base projected to grow to 2.31 billion by 2029 (Statista, 2025).

Ride-hailing platforms offer drivers the advantage of flexible and self-scheduled work while
providing riders with rapid and adaptable travel options. To compete, ride-hailing platforms must
match available drivers (i.e., supply) to riders (i.e., demand) within a particular area or zone, in
real time and on short notice. How efficient Uber or Lyft is in matching drivers to riders impacts
its service quality, profits, and competitiveness. A key challenge faced by all ride-hailing platforms
is managing driver availability amid fluctuating and unpredictable demand. Drivers for ride-
hailing platforms are independent contractors who decide their own working hours and the areas
where they prefer to pick up riders. Hence, at any time, some zones may experience fewer drivers
than ride requests—a “supply-shortage” or surge zone—while other zones face the opposite—a
“supply-overage” or non-surge zone. Supply-demand mismatches, on average, increase driver idle
time while reducing driver earnings and, similarly, increase rider waiting time while decreasing
rider satisfaction (Cachon et al., 2017; Guda and Subramanian, 2019; Jiang et al., 2021).

Although many algorithms exist to match idle drivers to ride requests (e.g., Taylor, 2018;
Ozkan and Ward, 2020), these solutions alone are typically unable to resolve persistent supply-
demand mismatches. Consequently, with no direct control over driver availability, ride-hailing
platforms must continually incentivize idle drivers to relocate from non-surge to surge zones.
Developing and implementing policies to efficiently redistribute drivers, with the goal of
maximizing supply-demand matching efficiency (i.e., the percentage of fulfilled ride requests),
remains a key challenge (Besbes et al., 2021). To this end, most ride-hailing platforms like Uber

and Lyft use surge pricing, which is a financial incentive to encourage drivers to relocate to areas
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experiencing a surge in demand. Cachon et al. (2017) and Bimpikis et al. (2019) suggest that surge
pricing is generally effective at motivating idle drivers to move to areas with a high number of ride
requests. However, conflicting anecdotal evidence from Uber drivers suggests that dynamic
pricing may not always be strategically appropriate. For instance, one driver writes, “I’'m pretty
sure chasing surge [driving to a surge zone] is pretty pointless like chasing smoke in the sky.”
Another driver contends “/ have come to the conclusion that hunting surge does not get me more
money in most days. It gets me the same money or even less than accepting base but with significant
less effort.” More than 100 similar quotes can be found in Uber drivers’ forums

(https://www.uberpeople.net/). Further, concerns about exorbitant fares (Reilly, 2014; Lynley,

2024) have led to increased government scrutiny, with regulations increasingly focused on capping
surge multipliers (Willingham, 2017). In fact, a competitive advantage for ride-hailing platforms
is finding ways to reduce their reliance on surge pricing altogether (Ngila, 2023), as it has been
shown that more loyal, full-time drivers can be hurt by surge pricing in the long term (Miao et al.,
2023).

These issues raise important questions about the effectiveness of relying on surge pricing as
the sole mechanism for incentivizing drivers to relocate, and whether other operational levers
could be used in tandem. For instance, several scholars propose that platforms, in addition to
offering financial incentives, should share information relevant to a driver’s decision regarding
whether to relocate from a non-surge zone to a surge zone. In particular, Guda and Subramanian
(2019) examine how sharing market forecasts—that is, predicting which areas are likely to become
surge zones in the next few hours or days—aftect drivers’ decisions to relocate. Jiang et al. (2021)
suggest that providing information on the demand-to-supply ratio can effectively encourage idle
drivers to relocate. Similarly, Hu et al. (2022) propose sharing information on both supply
(available drivers) and demand (number of ride requests) within surge zones.

We extend this research by proposing several models in which, alongside the surge multiplier,
different information is shared with drivers who, we assume, are regret averse. We focus on the
impact of information sharing on drivers’ relocation decisions, as well as the platform’s matching
efficiency and profit. Specifically, in a two-zone model, we analyze the effect of sharing: the
proportions of (i) ride requests and (ii) drivers that are initially located in each (surge vs. non-
surge) zone, as well as (iii) the average ride distance in one zone relative to the other. We

theoretically and numerically compare various combinations of these information combinations

45


https://www.uberpeople.net/

with a baseline model that shares only the surge multiplier. This allows us to investigate whether
information can substitute for monetary compensation, the extent of this substitution effect, and
which types of information are most effective at encouraging drivers to relocate.

To address these research questions, we develop a two-period Stackelberg game with a fixed
number of drivers dispersed between each of the two zones. Before the first stage, the platform
observes the locations of both riders and drivers. We assume there are sufficient drivers to meet all
ride requests, and thus, the platform must focus on effectively balancing supply and demand. In
the first stage, the platform sets the surge multiplier value and decides what information to share
with the drivers. In the second stage, drivers observe the surge multiplier and the information
disclosed by the platform. They then independently maximize their regret-averse utility function
by deciding whether to stay in their current zone or relocate. After making this decision, they are
matched with customers requesting rides in their chosen zone. Eight models are developed based
on the information the platform chooses to share with drivers, and the assumption that the platform
can also set the surge multiplier value. For each model, we derive closed-form expressions for the
equilibrium, which in our case, represents the proportion of drivers who relocate from their original
zone. Based on these equilibrium values, we determine the optimal surge multiplier and derive
closed-form solutions for the platform’s maximal matching efficiency and profit.

By comparing these eight models in numerical analysis, we find that not only does information
act as a substitute for monetary compensation (i.e., a lower surge multiplier with equal matching
efficiency and platform profit) over a wide range of scenarios, but the type of information the
platform discloses depends on the degree of imbalance between idle drivers and ride requests. For
instance, if the average ride distance in the surge zone exceeds its expectation, sharing this
information improves supply-demand matching efficiency and reduces the surge multiplier as
compared to withholding it. However, we also observe that when the relocation cost is negligible,
sharing additional information provides no added benefit, and the platform can rely solely on the
surge multiplier. These findings align with prior research on the benefits of sharing information to
motivate driver relocation (e.g., Guda and Subramanian, 2019; Hu et al., 2022, 2024; Jiang et al.,
2021) and extend it by demonstrating how different information can impact outcomes.

Another body of research on ride-hailing investigates how surge-pricing strategies benefit
platforms since these policies can increase the number of drivers who relocate to a surge zone (e.g.,

Cachon et al., 2017; Bimpikis et al., 2019; Bernstein et al., 2021; Dong and Leng, 2021). We refine

46



this work by examining how sharing different information can affect surge pricing, revealing a
nonlinear relationship between information disclosure and the optimal surge multiplier. For
instance, with a fixed number of drivers, the proportion of ride requests in the surge zone generally
exhibits a monotonic relationship, with the optimal surge multiplier being bimodal when the
platform is completely transparent. However, this pattern does not always hold. For example, if
the platform shares the proportion of ride requests but not the proportion of drivers, the relationship
is non-monotonic due to the interplay between known and assumed information. This insight adds
nuance to the understanding of how surge pricing and information interact.

Lastly, while our focus is not primarily on how drivers’ aversion to regret impacts supply-
demand matching efficiency, as in Jiang et al. (2021), we extend their findings by examining how
such aversion may influence the effectiveness of information sharing. We find that as drivers
become more regret-averse, supply-demand matching efficiency increases and information sharing
becomes increasingly valuable in preventing a significant rise in the surge multiplier. Our
numerical study also indicates that, as we decrease the upper bound on the surge multiplier value,
maximizing platform profit becomes equivalent to maximizing matching efficiency. The speed of
this convergence, however, depends on the shared information. While Hu et al. (2022) also
compare these objectives when the platform shares supply and demand data, they do not examine
the differences in the associated optimal surge multiplier. We complement their work by
reinforcing the idea that information sharing can act as a substitute for surge pricing regardless of

whether a platform aims for profitability or by maximizing the number of matches.

3.2. Literature Review
Research on ride-hailing platforms span multiple disciplines, including economics (e.g., Cramer
and Krueger, 2016; Dills and Mulholland, 2018; Alvarez and Argente, 2022), information systems
(e.g., Guo et al., 2019; Hong et al., 2020; Cheng et al., 2023), logistics and transportation (e.g.,
Urata et al., 2021; Li et al., 2022a; Haferkamp et al., 2023), and operations management (e.g.,
Bimpikis et al., 2019; Ozkan and Ward, 2020; Afeche et al., 2023). Two themes are of particular
interest. The first is to effectively match riders and drivers within a geographic area (Feng et al.,
2021; Hu and Zhou, 2022; Lyu et al., 2024). The second theme studies the benefits of different
pricing policies on platforms, drivers, and riders (Cachon et al., 2017; Taylor, 2018; Zhong et al.,
2019; Bernstein et al., 2021; Li et al., 2022b). Our research addresses both topics by analytically

examining how driver relocation decisions are influenced by two platform policies: (i) surge
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pricing as a financial incentive and (ii) the sharing of accurate, real-time operational information
with drivers. Table 3-1 categorizes the relevant literature associated with these themes.

The upper-left quadrant of Table 3-1 highlights research on driver relocation decisions made
without platform intervention; there are no financial incentives, nor is there information sharing.
This research typically focuses on developing competitive games aimed at maximizing matching
efficiency or deriving optimal policies under the assumption of centralized control by the platform.
For instance, Yang et al. (2018) model driver relocation decisions as a function of the dynamics
of a spatiotemporal demand process (riders) and the number of other drivers that are present in the
same region. Using a mean-field game with competitive agents (drivers), they show that the
equilibrium strategy follows a threshold structure: it is optimal for a driver to leave an area when
the number of other drivers exceeds a threshold given by a function of the number of riders in that
region. Viewing the ride-hailing system as a closed queueing network where drivers roam with
empty cars in search of aride, Braverman et al. (2019) propose a routing mechanism through which
the platform centrally manages network flow to maximize driver availability. Simulation results—
based on data from Didi Chuxing, a ridesharing platform operating in China—confirm the benefits
of the optimal routing policy, which is derived using a fluid approximation of system dynamics.

Table 3-1. Ride-haling platform research on driver relocation decisions

Does not emphasize Emphasizes
financial incentives financial incentives
Chen et al. (2024)
Does not share Afeche et al. (2023) Lee et al. (2023)
information Urata et al. (2021) Besbes et al. (2021)
with drivers Braverman et al. (2019) _ Ongetal. (2021)
Yang et al. (2018) Ozkan and Ward (2020)

Bimpikis et al. (2019)
Hu et al. (2024)
Bimpikis & Mantegazza (2023)
Haferkamp et al. (2023) Ma et al. (2022)
Yu et al. (2022) Hu et al. (2022)
Jiang et al. (2021)
Guda & Subramanian (2019)

Shares
information
with drivers

Urata et al. (2021) model driver relocation decisions as an absorbing Markov decision process,
which they calibrate using a large dataset from Didi Chuxing. They find that idle drivers typically
remain stationary during the day but become more mobile late at night, actively seeking out
matching opportunities. Additionally, while drivers generally exhibit an aversion to repositioning,

when they choose to relocate, they show a preference for moving to more distant areas. In contrast,
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Afeche et al. (2023) develop a game-theoretic fluid model for a two-location, four-route network
and examine system profitability by controlling two operational levers: ride request acceptances
and driver repositioning. They show that decentralized control over rider acceptances and
repositioning leads to inefficiencies, while increased platform control over the handling of ride
requests benefits drivers and the platform. Specifically, their model demonstrates that strategically
refusing ride requests from non-surge zones can boost system profitability. Furthermore, they find
that greater platform control over driver relocation decisions can also benefit both stakeholders.

The upper-right quadrant of Table 3-1 includes studies that focus exclusively on the role of
surge pricing in driver relocation decisions without any other information being shared with
drivers. Considering a network of zones across which drivers decide to relocate to maximize their
earnings, Bimpikis et al. (2019) formulate an infinite-horizon, discrete-time model of a ride-hailing
network. Their findings indicate that, in equilibrium, profits for both the platform and drivers are
maximized when demand across the network is balanced. However, in the presence of an
imbalance between idle drivers and ride requests, surge pricing is the optimal strategy and using a
fixed commission rate may even result in profit losses for the platform. Ozkan and Ward (2020)
challenge the approach of fixing a pricing or matching policy, such as pairing riders with the
closest available driver. By analyzing a queueing control problem, they prove the asymptotic
optimality of a joint policy derived from a linear program which maximizes the number of matches
while determining favorable driver-rider assignments. Alternatively, using a measure-theoretic
Stackelberg game, Besbes et al. (2021) show that the platform’s revenue-maximizing pricing
policy incentivizes drivers to relocate from neighboring zones, while higher prices in distant non-
surge zones are needed to encourage driver movement.

Ong et al. (2021) discuss the development of Lyft’s Personalized Power Zone product, which
replaces heatmaps to dynamically adjust driver compensation. They model the problem as a
multiagent dynamic program and propose an approximate solution approach that first selects
which drivers to incentivize and where they should relocate and then determines how each driver
should be compensated. They evaluate their technical approach using real-world data from 320
cities to show that their methodology can increase incremental bookings by 0.5%, generating
millions in additional revenue. It also has the potential to reduce pick-up times and ride
cancellations as well as enhance the experience for drivers and riders alike. Lee et al. (2023) use a

combination of empirical analysis and simulation to demonstrate how ride requests, driver
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distributions, and pricing dynamically interact. Finally, Chen et al. (2024) propose a framework
for evaluating both static and dynamic pricing policies with the goal of maximizing a platform’s
cumulative expected profit in a nonstationary environment. They develop a set of near-optimal
dynamic heuristic strategies and confirm their theoretical findings by numerically demonstrating
that dynamic pricing outperforms static pricing by boosting both revenue and the number of riders
that are served.

The lower-left quadrant of Table 3-1 features studies that explore how platform-controlled
information disclosure shapes driver decisions. By performing a large-scale, randomized field
experiment, Yu et al. (2022) empirically examine the impact of sharing information about waiting
time—Dboth its initial magnitude and subsequent updates over time—on riders’ abandonment
behavior. They identify a complex trade-off between the magnitude of the initial waiting time
estimate and the frequency of updates, with riders’ abandonment behavior influenced by the
relationship between pessimistic and neutral waiting time information. Haferkamp et al. (2023)
propose a stochastic dynamic programming model and study the platform’s ability to share a
“repositioning heatmap”—a forecast of ride requests, current and expected fleet distributions, and
driver locations—with drivers. Using a simulation based on New York City ride-hailing data, they
find that well-designed heatmaps can significantly reduce rider cancellations, increase platform
revenue, and promote a fairer distribution of earnings among drivers.

The fourth quadrant in the lower right of Table 3-1 includes research on driver relocation
decisions in the presence of both financial incentives and information sharing. Guda and
Subramanian (2019) develop a two-period, two-zone, signaling game and find that sharing
forecasts with drivers (i.e., which zones are expected to become surge zones in the next hours/days)
without surge pricing fails to motivate enough drivers to relocate. However, using surge pricing
alone can reduce the platform’s profit if demand in the surge zone is not sufficiently high. Thus,
combining surge pricing with forecast information enables truthful communication between the
platform and its drivers, improving platform profitability. Hu et al. (2024) extend Guda and
Subramanian (2019) by examining surge pricing, bonus incentives, and information sharing when
riders can request service within or across regions. They find that cross-regional demand enhances
the attractiveness of bonus strategies and reduces the effectiveness of surge pricing, while their
findings on information align with Guda and Subramanian (2019). Jiang et al. (2021) propose a

two-stage Stackelberg game involving regret-averse drivers who incur a relocation cost for moving
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between regions and receive a fixed bonus for successful matches in surge zones. They examine a
setting where the platform can share the demand-to-supply ratio with drivers. Laboratory
experiments confirm their analytical findings showing that when relocation costs exceed the bonus,
too few drivers relocate to the surge zone, while when relocation costs are lower than the bonus,
too many drivers relocate. Additionally, they find that incorporating drivers’ behavioral biases can
increase platform profits, enhance worker utility, and improve matching efficiency, provided the
platform offers both a bonus and shares the demand-to-supply ratio. This is because regret-averse
drivers are more likely to relocate to surge zones as compared to rational drivers.

Using a two-period, game-theoretical model, Hu et al. (2022) demonstrate the superiority of
the “penetration surge pricing” policy—a low initial price followed by a high price—over the
“skimming surge pricing” policy—a short-lived, sharp price surge followed by a low price—to
motivate relocations when the platform shares information with drivers on supply and demand for
the surge zone. Ma et al. (2022) develop a multi-period, multi-location planning game to determine
the optimal sequence of matches and routes in a setting where both the platform and drivers have
full knowledge of all network information (e.g., supply, demand, travel times, trip costs, and rider
types) over the entire horizon. They identify a subgame-perfect dynamic equilibrium strategy (i.e.,
the spatio-temporal pricing mechanism) in which drivers always accept trip assignments and prove
that this policy exhibits several desirable properties, including being temporally consistent,
welfare-optimal, envy-free, and core-selecting. Finally, Bimpikis and Mantegazza (2023) study
strategic information disclosure in a setting where a ride-hailing platform has private knowledge
of future demand and interacts with potential drivers who decide whether to join the system. Using
an information design approach, they establish the existence of a Bayesian equilibrium in which
the platform selectively shares demand information to maximize profit. They show that the
platform should disclose only partial information (i.e., demand is either high or low) to encourage
driver entry when joining is costly or to discourage driver entry to induce higher prices. While this
strategy enhances platform profitability as compared to not disclosing any information (and full
disclosure for moderate values of the outside option), it can also reduce rider welfare by limiting
the number of idle drivers and increasing prices.

Our study fits into the lower right quadrant of Table 3-1. We model the relocation decisions of
regret-averse drivers moving to/from a non-surge to a surge zone when the platform offers a

financial incentive (surge multiplier) in addition to sharing different types of information.
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Specifically, building on the modeling framework of Jiang et al. (2021), we develop a two-period,
two-region Stackelberg game that accounts for drivers’ regret aversion, relocation costs, matching
uncertainty, and the financial incentives provided by the platform to encourage relocation. Our
model, however, introduces several novel features: (1) allows either zone to be the surge zone; (2)
permits drivers to relocate to either region; (3) defines drivers’ earnings as a function of ride
distances rather than a fixed amount per ride; (4) replaces an additive bonus by a surge multiplier;
and (5) as a complement to surge pricing, evaluates the impact of the platform sharing up to three
pieces of information with the drivers: the distribution of riders, the average ride distance in one
zone relative to the other, and the initial spatial distribution of drivers. These modifications
substantially increase the complexity of the mathematical analysis—notably, deriving equilibrium
solutions and the optimal surge multiplier value—and allow us to study the extent to which
information can substitute for monetary incentives and what information is most effective at
encouraging drivers to relocate. Furthermore, the added dynamics and emphasis on comparing

information offer new operational insights.

3.3. Model Formulations

3.3.1. Initial Setting
In this section, we develop a two-period, two-region, game-theoretic model, which is a commonly
used approach to study the problem of matching riders with self-interested, utility-maximizing
drivers (e.g., Guda and Subramanian, 2019; Jiang et al., 2021; Afeche et al., 2023). For simplicity,
we consider a setting with two zones, A and B, each with a different number of ride requests and
idle drivers. Our Stackelberg game begins with the platform deciding on what information to share
with the drivers. After observing the distribution of riders (demand) and drivers (supply), the
platform sets a surge multiplier value and shares it, along with zone-based information, with all
drivers. We assume that all drivers obtain this information and then immediately decide whether
to remain in their current zone or relocate to maximize their utility. Once all relocation decisions
are made, idle drivers are matched with riders in their selected zone, while any excess riders or

drivers go unmatched. Table 3-2 provides an overview of the model notation.
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Table 3-2. Notation summary

Notation Description

Parameters

n Total number of riders (or drivers) over both zones
D; S Number of riders in Zone i,i € {A,B}

S? 5 Initial number of drivers in Zone i,i € {4, B}

st ® Final number of drivers in Zone i,i € {A, B} after all relocations have taken place
14 Price per kilometer (km)

X; Average ride distance in Zone i,i € {4, B}

(7] Drivers’ commission on each ride where 0 < 0 <1
c ¥ Relocation cost

n ® The degree of drivers’ aversion toward regret

Information to share

Description

The proportion of ride requests in Zone A, which follows a uniform distribution on

p (0,1) when it is unknown to drivers
i The average ride distance in Zone B relative to Zone A, or 1 = i—B, which follows a
A
uniform distribution on (0, Z) when it is unknown to drivers
« The proportion of drivers initially located in Zone A, which follows a uniform
distribution on (0,1) when it is unknown to drivers
QOutcomes Description
m Surge multiplier on each ride
Yi The proportion of drivers who relocate from Zone i € {4, B} to the other zone
- ® Driver earning initially located in Zone k € {4, B} and ends up in Zone i € {4, B}, if
kel aride is available (j = 1) or not (j = 0)
U The expected regret-averse utility for a driver initially located in Zone A who ends up
Al in Zone i € {A, B}
Un The expected regret-averse utility for a driver initially located in Zone B who ends up
B in Zone i € {A, B}
M Supply-demand matching efficiency
m Platform’s profit

¥ These parameters and assumptions are analogous to Jiang et al. (2021).

We assume there are exactly n drivers and riders in the system located in zones S and D;,
respectively, for i € {4, B}. Thus, there is enough supply (S5 + S3 = n) to fulfill demand (D, +
Dy = n); the platform must focus on incentivizing drivers to make decisions that balance drivers
and riders across the regions. While Jiang et al. (2021) make a similar assumption, a key difference
is that we do not assume all drivers are initially located in Zone A. Thus, depending on the
distribution of drivers and riders, each zone can have a supply-shortage (surge zone) or a supply-
overage (non-surge zone). This is important as it implies that drivers are unaware of supply-
demand imbalances unless the platform shares this information.

Denoting the proportion of ride requests in Zone A as p, the demand in Zone A and Zone B is

D, = pn and Dg = (1 — p)n, respectively. Consistent with Jiang et al. (2021), we assume p
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follows a uniform distribution on (0,1). This ensures that initial demand is random, zonal demands
are negatively correlated, and drivers have no prior knowledge of which zone has higher demand.
Similarly, denoting the proportion of drivers initially located in Zone A as «, which also follows a
uniform distribution on (0,1), we can write the initial supply for Zone A and Zone B as S§ = an
and SJ = (1 — a)n, respectively. This also ensures that the spatial distribution of drivers is
negatively correlated and that they have no prior knowledge of which zone has higher supply. As
the value of p (respectively, a) tends toward 0 or 1, all riders (respectively, drivers) are initially
concentrated in a single zone. Since this scenario is somewhat unrealistic, and to simplify the
mathematical analysis, we assume that these edge cases are inadmissible. Thus, Zone A is denoted
as the “surge zone” when p > «a, whereas Zone B is a “surge zone” when p < a.

Drivers earn income by matching with riders, while the platform collects a commission from
each ride leaving the driver with an expected earning of px;6. That is, a driver can expect to earn
the product of the price p per kilometer (km) multiplied by the average ride distance x; for i €
{A, B} and commission rate 6. Parameters p and 6 are set by the platform and known to all drivers
(Boudreau, 2019) while x; is not known until after a driver chooses to relocate or remain in the

current zone. We define A as the average ride distance in Zone B relative to Zone A; that is, A =

z—B. When a demand surge occurs, the platform implements a multiplicative surge pricing scheme
A

where the price per km is increased by a surge multiplier, m, to mp for some m > 0; for instance,
drivers see the value of the surge multiplier m for the surge zone on their heatmap (Haferkamp et
al., 2023). This setting differs from Jiang et al. (2021) in which a fixed bonus is added to a driver’s
earning if the driver chooses to relocate and finds a ride. The multiplicative functional form is
more realistic since it has been the most popular surge pricing policy of companies like Uber, Lyft,
and DiDi (Zha et al., 2017; Chen et al., 2022; Abedinpour, 2024). Finally, riders exhibit price
insensitivity up to a threshold below which they remain relatively indifferent to price changes
(Chen et al., 2022). Thus, we assume that once this threshold is exceeded, the demand for ride
requests naturally decreases because outside (alternative) options like walking, waiting, or using

taxi services are more competitive.

Assumption 1. The surge multiplier m does not exceed the threshold m,,,,; that is,

m < Mgy
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Since all ride requests are registered through the platform, information for all supply- and
demand-related parameters are unknown to drivers unless the platform decides to share this data.
Thus, the game starts by having the platform observe the realized spatial distribution of riders and
drivers in the two-zone system. They then decide (i) what information to share with the drivers to
encourage them to relocate—that is, whether (or not) to share the proportion p of ride requests in
Zone A, the average ride distance A in Zone B relative to Zone A, and/or the proportion a of drivers
initially located in Zone A. Notice that once drivers receive information about one zone, they can
immediately infer the same parameter for the other zone due to the two-zone structure of the
problem. The platform also determines (ii) the value of the surge multiplier m. In the second stage
of the game, drivers observe m as well as any combination of p, A, and a based on what has been
shared by the platform. Drivers then decide whether to stay in their current zone or relocate to the
other zone. Drivers who relocate to the other zone incur a penalty ¢ representing a fixed relocation
cost (Jiang et al., 2021). Once all relocations are complete, the platform matches riders with drivers
located in the same zone. Unmet ride requests are assumed to be lost, and any excess supply of
drivers remains unmatched. To account for the different combinations of information the platform
may choose to share with drivers, we analyze eight models, as shown in Table 3-3. Each model
specifies which piece(s) of information, in addition to the surge multiplier, the platform shares with
drivers.

Table 3-3. Information the platform can share with the drivers (beside the surge multiplier m)

Proportion of ride The average ride distance in Zone B Proportion of drivers initially
requests in Zone A (p) relative to Zone A (1) located in Zone A ()
Model 1 Not shared Not shared Not shared
Model 2 Not shared Shared Not shared
Model 3 Not shared Not shared Shared
Model 4 Not shared Shared Shared
Model 5 Shared Not shared Not shared
Model 6 Shared Shared Not shared
Model 7 Shared Not shared Shared
Model 8 Shared Shared Shared

3.3.2. Driver Earning and Utility

The earnings for drivers who are initially located in Zone k € {4, B} and end up in Zone i € {4, B},
denoted as n,];'i, depend on whether they are matched with a ride request (j = 1) or not (j = 0).

Without loss of generality, we normalize the average ride distance in Zone B relative to Zone A by

55



setting x4 = 1; this now gives 4 = xz. Hence, a driver who is initially located in Zone A and

chooses to stay in Zone A earns

mia = pxaf = pb, 1)

if the driver is matched with a ride request in the same zone. Otherwise,
o

My = 0. (2)
A driver who is initially located in Zone A, relocates to Zone B, and is matched with a rider in
Zone B earns

nj}l = mpxg6 — ¢ = mpAo — c. (3)
Notice that because m > 0, Zone B is a surge zone if m > 1 and a non-surge zone otherwise. If
such a driver is not matched with a rider, then the fixed cost associated with relocating is lost. That
is,
j=0 _
=0 = —c. 4)

To entice relocation, m must be suitably chosen such that nﬁ; > 0, which implies that:

Assumption 2. To ensure that drivers in Zone B are appropriately compensated for a match,
either mpA6 — ¢ > 0 if the average ride distance A (in Zone B relative to zone A) is shared

with (i.e., known to) drivers, or mp%@ — ¢ > 0 if A1is not shared with (i.e., unknown to)

drivers.

If a driver is initially located in Zone B and chooses to stay in Zone B, the driver earns

né}l = mpAf, (5)
if matched with a ride request in Zone B. Otherwise,
o
Tps = 0. 6)

Finally, a driver who is initially in Zone B, relocates to Zone A, and is matched with a rider in
Zone A earns

n}];l = px,0 —c =pb —c. (7)
Otherwise, if the driver is not matched, then again, the fixed cost associated with relocating is
lost and

Ty, = —c. (8)

. . . =1 . .
Here too, to entice relocation, we require 73, ,” > 0, which gives:
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Assumption 3. To ensure drivers in Zone A are appropriately compensated for a match, p6 —

c>0.

We denote the proportion of drivers initially in Zone A and Zone B who choose to relocate as
¥4 € [0,1] and yp € [0,1], respectively. Thus, the number of drivers in Zone A and Zone B after
all relocations have taken place are S = (1 —y )an+ys(1 —a)n and S = (1 —yz)(1 —

a)n + y,an, respectively. As a consequence of our setup, a driver who ends up in Zone A will be

matched to a rider with probability min (1, ?—f = £ ) This occurs if the demand for

4 Q-vaatyp(i-a)
rides (D,) is below the supply of drivers (S1). A driver who ends up in Zone A will not be matched

with probability 1 — min (1,15)—;1l = (1—yA)afyB T ) On the other hand, a driver who ends up in

Zone B will be matched to a rider with probability min (1, g—f = 1-p )—Which occurs

L (-yp)(-a)+yaa

if the demand for rides (Dp) is below the supply of drivers (Sz)—and will not be matched with

.. . D 1-p
probability 1 — min (Lé = (1—VB)(1—0¢)+YA“)'

Drivers may experience a sense of loss when they are not matched with a rider. This arises
from counterfactual thinking, where individuals compare the outcome of their chosen actions with
the potential outcome of an action they chose not to take. If the unchosen action would have led to
a more favorable result, they may feel regret over their decision (Roese, 1994; Jiang et al., 2021).
Thus, we consider utility functions that incorporate a regret-averse parameter which can augment
the penalty for unfavorable outcomes, that is, relocation decisions that fail to result in a match.
This parameter captures the psychological cost of regret experienced by drivers when their chosen
action leads to a less desirable outcome as compared to an alternative they could have taken.

Specifically, for drivers initially located in Zone k € {4, B} and who end up in Zone i € {4, B},
we denote their utility as u,{'i, where j € {0,1} captures whether a driver is matched with a rider
(j = 1)ornot (j = 0). When j = 1, adriver feels no regret and the regret-averse utility is identical
to the monetary payoff of the outcome, that is, u,]czl1 = n,];lzil. In contrast, unmatched drivers feel
regret and will perceive losses in the form of a foregone surplus impacted by the regret parameter.
Following Ozer and Zheng (2016) and Jiang et al. (2021), we consider a regret-averse parameter

17 = 0 and express the forgone surplus as the difference between the foregone payoff of the

unchosen action and the realized payoff of the chosen action. Thus, the regret-averse utility for
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J

. . =1 =1 i=0 . .
drivers who feel regret is u;, 71,]“. - n(n,]“. — T, _i), where the subscript “—i” refers to the

j=0 _
i
unchosen zone. Note that if drivers are not regret-averse, then 1 = 0 and their utility u{;i is
identical to their payoff n,]; ;- Tables 3-4 and 3-5 summarize the regret-averse utilities along with

the probabilities of finding a ride in that region.

Table 3-4. Drivers’ regret-averse utility and matching probabilities (initially located in Zone A)

Staying in Zone A Relocating to Zone B
Available ride (j = 1) Unavailable ride (j = 0) Available ride (j = 1) Unavailable ride (j = 0)
Utility
j po 0 —n(mplo —c) mpll — ¢ —c—n(po +c¢)
(uA,i)
Prob. of
. ) p . p _ 1-p . 1-p
ﬁn_ddmg min {1'(1 —yoa+ys(1 —a)} 1 —mm{l, A -ya+ys(1- a)} mm{l’(l—yg)(l —-a) +yAa} 1= min {1'(1 —vp)(1—a) +yAa}
aride
Table 3-5. Drivers’ regret-averse utility and matching probabilities (initially located in Zone B)
Staying in Zone B Relocating to Zone A
Available ride (j = 1) Unavailable ride (j = 0) Available ride (j = 1) Unavailable ride (j = 0)
Utility
j mpl0 0—n({b —c) pb —c —c —n(mpA6 + ¢)
(uB,i)
Prob. of
. . 1-p . 1-p . P - P
ﬁ“.ddmg e e E e B S e e ol sl e Tema )
aride

From Tables 3-4 and 3-5, the expected regret-averse utility for a driver who is initially located
in Zone A and who ends up in Zone i € {4, B}, denoted by E[u, ;(7|F)], is given by the following

functions:

_ . P _ _ R )
E[uy4(m|F)] = p6 min {1, (1—VA)a+VB(1—a)} n(mplé — c) (1 min {1, T Daraa) })
Eluas(mF)] =

(mpA6 — ¢) min {1 1=p } — (c+ 1o + ). (1 — min {1 12p }), 9)

" (1-yp)(1-a)+yaa "(1-yp)A-a)+yaa

where F represents the shared information that is known by the drivers immediately before making
their relocation decisions. Alternatively, the expected regret-averse utility for a driver who is
initially located in Zone B and who ends up in Zone i € {4, B}, denoted by E[up ;(1|F)], is given
by the following functions:

]E[UB,A(WT)] =

(p6 — ) min {1 P b= (c +n0mpas +©)) (1 - min{1 P 1

"(A-yaa+yp(1-a) "(A-yaat+yp(1-a)
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_ . 1-p _ i o 1-p
E[ug g(m|F)] = mpA6 min {1, (1—VB)(1—a)+)/Aa} n(po —c) (1 min {1, (1—73)(1—a)+yAa})'
(10)
For (9) and (10), the expectation operator [E[-] is taken over the joint distribution of all uncertain

parameters, which depends on what information F the platform chooses to share with drivers.

3.3.3. Platform Objectives and Equilibrium Solutions
We focus on two objectives: maximizing the (i) platform’s profit; and (ii) supply-demand matching
efficiency, which is defined as the number of ride requests that are successfully matched by drivers
across both zones (Besbes et al., 2022; Afeche et al., 2023). While profitability is crucial for ride-
hailing platforms survival, considering matching efficiency is also an important objective, because
it can reduce the drivers’ idle time, enhance the earnings of both drivers and platforms, and increase
service quality through meeting more ride requests and faster (e.g., Chen et al., 2022; Hu and Zhou,
2022; Hu et al., 2024). Denoting the platform’s profit function as IT and the matching efficiency as

M, the platform wishes to maximize:

M =p(1—6)min{S}, Dy} + mpA(1 — 6) min{S3, Dz} (11)
and i = min{Sj,D4}+min{S§,Dp} _ min{(1-y))an+y;(1-a)n,pn}+min{(1-y5) 1-a)n+y,an,(1-p)n}
n n ’

(12)

In our context, drivers act strategically by using the information provided to them and the
observed surge multiplier to maximize their expected regret-averse utility. Therefore, the platform
must offer adequate incentives and data transparency to maximize (11) or (12). To this end, let y;
be the equilibrium solution associated with the proportion of drivers who relocate from Zone i €
{A,B} and end up in the other zone, given the information available to them and the surge
multiplier value set by the platform. To find ¥, and yz, we compare drivers’ expected regret-averse
utilities in (9) and (10) to find their intersection points. More specifically, over the joint distribution
of all uncertain parameters, we solve IE[uk,l-(n|T)] = IE[ukr,i/(mT)] for any k,k',i,i' € {4, B}
such that (k,i) # (k',i"). These equilibrium points allow us to identify the range of surge
multiplier values for which a proportion of (potentially all) drivers will relocate (stay) to maximize
their utilities. Nevertheless, the equilibrium points and surge multiplier ranges are functions of the

information shared with drivers. Thus, they will differ depending on the model in Table 3-3.
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3.3.3.1. Equilibria for Models 1-4
In Model 1 (Table 3-3), the platform does not share any information with drivers. Thus, the

proportion p of ride requests in Zone A, the average relative ride distance A in Zone B, and the
proportion « of drivers initially located in Zone A, are unknown to them. Under this joint
distribution, we explicitly derive the equilibrium values for y, and yg, noting that those for Models
2-4 closely mirror these solutions.

From (9), the expected regret-averse utilities of a driver initially located in Zone A, who either

stays in Zone A or relocates to Zone B are, respectively,
1 VA
E[ua,a(mlm)] = p6 — ;(pG +7 (mpgé' - c)) (1=ya+vs)

Eluap(nlm)] = mp 20 24 — ¢ —n(pf + ¢) L4, (13)

Similarly, from (10), the expected regret-averse utilities of a driver initially located in Zone B,

who either relocates to Zone A or stays in Zone B are, respectively,

Efutp a(nm)] = p0 — ¢ =2 (p0 + 1 (mp 0 +¢)) (1 = ys + v5)

Efuts 5 (lm)] = mp26 — (mp26 +1(p0 — ) L1472 (14)

We consider nine different scenarios to find y, and yz: (i) Y4 =y = 0; (ii) Y4 = 1 and y5 = 0;
)y, =0andyz =1, (V)Y =y =1, (V)0<y,<land0<yp <1;(vijyy,=1and 0 <
yp<1; (vi) 0<y;<1 and yg=1; (viii)y, =0 and 0 <yp <1; and (ix) 0<y, <1
and yg = 0. For instance, if y; = y5 = 1, all drivers relocate from their original zones. For this to
occur, the utility of moving to Zone B must exceed the utility of staying in Zone A for drivers
initially located in Zone A, that is, E[u, 4(n|m)] < E[uy g(nIm)], and the utility of moving to
Zone A must exceed the utility of staying in Zone B for drivers who are initially located in Zone
B, that is, E[up g(nIm)] < E[ug 4(n|m)]. We use these inequalities to determine the range of
surge multiplier values (m) that induce this behavior amongst the drivers. Theorem 1 summarizes

the results of this derivation (nofe: all proofs appear in the online supplementary material).

Theorem 1. For Model 1, the proportion of drivers relocating in equilibrium are:

Table 3-6. Result summary (Theorem 1)

. % of drivers Yy, initially located in Zone % of drivers yp initially located in -
Region A relocating to Zone B Zone B relocating to Zone A Range for the surge multiplier m
2/ 1 c
1 0 ! 0=m=z (m 20
) 0 0 1 ( c ) “m c(4+2n)
<Vp< 7+ 20/ "7\ "G
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., _pOB+mQ2-mZ)—4c(2+n)

B p8(1+n)(mZ +2)
2 c(4+2n) 2 c(4+2n)
3 0 0 E(l_p9(3+n)>Sm52<1+p9(3+n)>
0<y,<1
4 @+m (mpZ6—p6) - c(a+2n) 0 Z(y caxm <m<3(1+i)(z+n)
yi= 7 Z pO0B+n))~ T Z o
(1+n)(p0+mp79)
2 c <<
5 1 0 5(1+ﬁ)(2+n)_m_mmu

When the platform sets a sufficiently low surge multiplier (Region 1), all drivers are
incentivized to relocate from Zone B to Zone A, that is, Zone A becomes the surge zone. However,
as m increases, the opposite occurs (Region 5). Note that it is never optimal for drivers in both
regions to simultaneously relocate. Thus, out of the nine original scenarios, four of them are
omitted from Table 3-6: (i) all drivers relocate from their original zones, y; = y5 = 1; (ii) all
drivers from one zone relocate to the other, while only some drivers from the second zone relocate,
¥Ypo=1land 0 <ygp <1lor0 <y, <1andyg = 1; and (iii) some drivers from one zone relocate
to the other zone, 0 < y; < 1 and 0 < Y5 < 1. In this setting, because no information is shared,
the platform’s only operational lever is to signal that there is a demand imbalance by setting the
surge multiplier value. For a sufficiently small value of m, drivers discern that demand in Zone A
is much higher than in Zone B. Consequently, all or a portion of drivers initially located in Zone
B relocate to Zone A (i.e., yg = 1 or 0 < y5 < 1 and y, = 0). Alternatively, if m is large enough,
drivers ascertain that demand in Zone B is much higher than Zone A. Hence, all or a portion of
drivers initially located in Zone A relocate to Zone B (i.e., Yy =1 or 0 <y, <1 and ygz = 0).
Finally, for some interval m, y, = y5 = 0 as the supply-demand imbalance is insufficient to justify
the cost of switching. Thus, all drivers stay in their original zones as the compensation is
insufficient to incentivize relocation.

The equilibria for Models 2—4 are similar to Model 1. In Model 2, the platform shares with
drivers the average ride distance A in Zone B relative to Zone A, while p and a are unknown. Since
A follows a uniform distribution, the expected regret-averse utilities E[uy ,(n|m, )],

Eluyp(nlm,1)], E[ug,(mim,1)], and E[ugp(n|m,1)] are identical to, respectively,
Elug a(mIm)], E[us g (nm)], E[ug 4(nlm)], and Ef[ug z(n|m)], except 1 replaces g Hence, for
Model 2, the equilibria in Theorem 1 hold with A replacing g Similarly, for Model 3, the platform

shares the proportion a of drivers initially located in Zone A, while p and A are unknown. Again,
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the expected regret-averse utilities E[uy 4(nIm, )], E[uyp(mlm, a)], E[ug ,(n|lm,a)], and
E[up g(n|m, a) are similar to (13) and (14), except that ((1 —vaa+ys(1— a)) replaces
(1 — y4 + vg). Thus, for Model 3, the equilibria in Theorem 1 hold while y,; and yj are multiplied

1+a+an

G Lastly, for Model 4, the platform shares the proportion a of drivers initially located
in Zone A and the average ride distance A in Zone B relative to Zone A; p remains unknown. As

before, the drivers’ expected regret-averse utilities are similar to (13) and (14) while Model 4’s

equilibria are identical to those in Theorem 1, except A replaces % while y; and yz are multiplied

1+a+an
G+ma-a)

3.3.3.2. Equilibria for Models 5 and 6
In Model 5, the platform shares with drivers the proportion p of ride requests in Zone A, while a
and A are unknown. The drivers’ expected regret-averse utilities are now given by E[uy 4 (nIm, p)],
Elusg(nIm, p)], E[ug 4(nIm,p)], and [E[uB,B (n|m, p)]. Although the general approach for
deriving equilibrium values remains the same as in Theorem 1—that is, by identifying the
intersection points—y, and y5 are considerably more complex as they involve composite
functions of logarithms. This arises because the platform chooses to share p, which means that
drivers know the exact number of drivers in each zone (as defined in Tables 3-4 and 3-5).
Consequently, deriving the equilibrium values and the corresponding surge multiplier ranges for
which they are valid becomes significantly more intricate. However, using the Lambert function,

these values can still be expressed in closed form. Theorem 2 summarizes the results.

Theorem 2. For Model 5, defining W (.) as the Lambert function and h(m), f(m), g(m), and j(m)
linear fractional functions of m, the proportion of drivers relocating in equilibrium are:

Table 3-7. Result summary (Theorem 2)

% of drivers y initially % of drivers y} initially
Region located in Zone A located in Zone B Range for the surge multiplier m
relocating to Zone B relocating to Zone A
2 P c
1 0 1 OSmSE(l_np+n—p—9)
0<m

1+n p
— (pbp — ¢) + n(pb —c) log[1 — p] — (cn + pB) loglp]
21 0 1 <1_pl7p np g p T-p n+p glp

whenp —y5 <0
%PZG ((1 +n) —log[1—p] +1£;p71109[p]>

2( p c
Z\l=np+n pb
1+7 p
22 0 0<yp<1 1= W =) + 18 —c)log1l — p] — 7= (en + p6) log[p]
<

J<m

%pZH ((1 +n) —log[l —pl+7 L pnlog[p]>
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1—-h(mWwW (h(in) ej<"‘)) 3

whenp —yz =0

1+
T=4®p — ) + 0@ —0) log[1 — p] = 12— (en + p6) logp]

1 =m
§p29<(1+n)_109[1—p]+1fpnlog[p]>
3 0 0
1+
1_Z(c+p9p)+n(6+p9)log[1—p]+1fp(cn—p9)lag[p]
<
%pZH((l+n)—log[1—p]+n1fplog[p])
1+
0<y.<1 1—2(”7"9%’)+'I(5+P9)log[1—p]+1f;p(cn—p9)log[p]
A =m
1
4.1 1—f(m)W(ﬁe!](m))4 0 5pZ0 ((1+n)—log[1—p]+n1€plog[p])
whenp <1- vy, 2( L‘)(1+np)
4 p8/\1—-p
1
1iZ(C‘FPGP)+7](C+P‘9)log[1_P]+1£;p(0n—p9)log[p]
1 <m
1
42 whenp >1-y, 0 726 ((1+n)—lng[1—p]+n1fpz¢)g[p]>
=m
5 1 0 2 146 malx+np -
E( +ﬁ)(1_p)—’"—mmx

Notice that the ranges of the surge multipliers differ significantly as compared to Theorem 1.
First, the proportion p of ride requests in Zone A appears in these equations since this information
is shared with drivers. Second, the equilibrium points are solutions to a transcendental equation
and by sharing p, logarithmic expressions are introduced into the regret-averse utility functions.
Nevertheless, as in Theorem 1, there is no solution where (i) all drivers relocate from their original
zones (i.e., ¥, =Yg = 1); (ii) all drivers from one zone relocate to the other, while only some
drivers from the second zone relocate (i.e., Yy =land 0 <yg <lor0 <y, <1landyg =1);
and (iii) only some drivers from one zone relocate to the other zone (i.e., 0 <y; <1land 0 <
yg < 1). For Model 6, the platform shares with drivers the proportion p of ride requests in Zone

A as well as the average ride distance A in Zone B relative to Zone A; a remains unknown. The

resulting equilibria are similar to those in Table 3-7, except A replaces g in Theorem 2.

3.3.3.3. Equilibria for Models 7 and 8

For Model 7, only the average ride distance A in Zone B relative to Zone A is unknown. Because

the platform shares both a and p, the calculation of the probabilities of finding a ride are known

f(lfp)(mufew(w%))
m+1)P6-c)

1

3 hom) = and j(m) = )<— (1 - plog[1 - p] (mpfﬁ +n(pd - C)) —p®8 —c) + ploglp] <P9 +7 (mpff) + C)) +

f(lfp)(mpfﬂm(vﬂfd
zZ z z
(c +1n (mp;ﬂ + c)) 1-p) —p(mp;ﬂ +n(pb — c)) +mp76+ n+ 1o - c)>4

)
(1+m) (mpfefc)

4

f(m) = and g(m) =

*P(P9+n(mp§9—c)) (Paﬂ — plog[p] (PG +n (mpge - C)) +pn (mp%@ — c) + (1 —p)log[1 - p] (mp%@ +n(po +

c)) +p (mpgﬁ +n(pb + c))).
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to the drivers (see Tables 3-4 and Table 3-5). In particular, subcases in the derivations of the

p
(A-yaa+yp(l-a) —

equilibrium solutions emerge, and they depend on whether < 1, which implies

- 1- C e -
a = max (0, P7Ve ), or P < 1, which implies @ < max (0,&). Theorem
1-ya-VYB (1-vp)(1-a)+vax 1-ya-vB

3 summarizes the findings.

Theorem 3. For Model 7, the proportion of drivers relocating in equilibrium are:
Table 3-8. Result summary (Theorem 3) when a < max (0 PV )

VA VB
. % of drivers Y initially located in Zone A % of drivers y} initially located -
Region relocating to Zone B in Zone B relocating to Zone A Range for the surge multiplier m
0<yz<1
Ve 2 ( c )
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1 0 =7 z\ o) ="
2 l—a+nlp—a)
mp56 + (e—c)>(1— R ) e
< P35 np p =7 0 1—p
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Z 0 1
2 0 0 P P
2 l1-a+ n(p —-a
<= (1 + )
A po
2 l1-—a+ n(p - a)
0<ya<1 E(1+p0) 1-p
3 v Z 0 2
_A=pmp50 - o +)(1-a+nlp—a) E( .
- a(Pd+c)1+mn) i)( +7]p)
pé
2 c\/1+np
Z(1+—=— <m<
4 ! 0 Z( +p9)(1—p>_m_m
Table 3-9. Result summary (Theorem 3) when a = max (0 py yBy )
A”YB
. % of drivers Y}, initially located in % of drivers yj initially located in -
Region Zone A relocating to Zone B Zone B relocating to Zone A Range for the surge multiplier m
2 p c
P T S —y
: ‘ : VAV TR
0<yg<1
2 P c P c
2 0 s = oo date-o-o -5 =sm<i(mis5)
(mp59+c)(1 a) (1+1m)
2 p ¢ 2 p <
3 0 0 Z (a+n(a—p) pG) sms Z (a+n(a—p) + pB)

0<y,<1
4 N G i) 0 (ot tre) sm=3(1475)
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Ya =

Once again, there is no solution where y, =y =1,y =1and0 <y < 1,0 <y, < 1land
yg=1,and 0 <y, < 1land 0 < yg < 1. If the proportion « of drivers initially located in Zone A

LB*}, no surge multiplier exists where y, = 1 and yz = 0. Conversely,

satisfies ¢ = max {0, -
1-Y4—VB
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%}, no surge multiplier exists where y; = 0 and y5 = 1. These cases arise
“YATVB

when a < max {0,
in the limit where @ = 0 or @ = 1 (singleton sets), respectively, which as previously mentioned,
signifies that all drivers are initially concentrated in a single zone. This is observed in the proof of
this result, where we also derive the closed-form solutions for all equilibrium values under each of

the subcases. Finally, we remark that Model 8’s equilibria closely mirror those of Model 7 such

that Theorem 3 remains valid except that A replaces %

3.3.4. Structure of the Optimal Solution
3.3.4.1. Optimal Supply-Demand Matching Efficiency

Given the optimal relocation behavior of drivers, we next explore how the platform should set the
surge multiplier to maximize the matching efficiency. Using a property of the minimum function,

M is given by

min{Sz,Da}+min{Sg,Dp} _ 1
n T

M:
=1-lp—a(l-va)-A-aysl (15)

To determine the m* that maximizes (15), we identify optimal surge multiplier values that are

1 1 1 1
(3(S3+ Da) =315} = Dal +3 (S} + D) — 5154 — D)

conditional on m”* existing within each of the regions specified in Theorems 1 to 3. We compare
these surge multipliers to identify a set of candidate solutions of which one is guaranteed to be
globally optimal. Theorem 4 outlines the general structure of the candidate solution set and

properties of the matching efficiency.

Theorem 4. For each of the eight models in Table 3-3:

(a) The optimal surge multiplier m* is either at one of the endpoints of its corresponding interval,
equals zero, or solves |p —a(1 —y,) — (1 —a)yg| = 0.

(b) A closed-form or analytic expression exists for all candidate surge multipliers and their
corresponding matching efficiency values.

(c) The set of candidate optimal surge multipliers is non-empty and finite.

For all eight models, the optimal surge multiplier is located at the endpoints of the
corresponding interval when either all drivers from one zone relocate to the other while no drivers
relocate in the reverse direction, or no relocation occurs between the zones. This is because, in
these scenarios, matching efficiency is a linear function of the surge multiplier. However, when

only a portion of drivers relocate between zones, the optimal surge multiplier depends on multiple
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factors such as whether a zone’s demand exceeds its supply (i.e., whether @ > p or @ < p) and the

cost-to-earnings ratio (i.e., pie)' In these cases, the optimal surge multiplier lies within a finite set

of interval endpoints, m = 0, or when [p — a(1 — y;) — (1 — a)yz| = 0. Note that although m =
0 might seem counterintuitive, it indicates that the surge multiplier should be set so small that
drivers are highly motivated to relocate from Zone B to Zone A.

3.3.4.2. Optimal Profit
Similar to Section 3.3.4.1, we explore how the platform should set the surge multiplier to maximize
the profit. For tractability, (12) can be simplified to:

= p(1 — 6) min{S}, D,} + mpA(1 — 6) min{S3, Dg}

= 3P(1 = 8)(S} + D4 — 1S} = Dal) + ;mpA(1 — 8)(S§ + Dy — IS} — Dyl)

= %np(l -0) ((p +a(l—yy) +ys(1— a))(l —mAi) + 2m/1)

—-np(1-0)(1+mA)lp - a(l—y)) — (1 - a)yjl. (16)
To determine the m* that maximizes 1, we again identify optimal surge multiplier values that are
conditional on m”* existing within each of the regions specified in Theorems 1 to 3. We then
compare these surge multipliers to derive a set of candidate solutions of which one is guaranteed
to be globally optimal. Theorem 5 summarizes the general structure of the candidate set and the

corresponding platform profit.

Theorem 5.
(a) For all models in Table 3-3, a closed-form or analytic expression exists for all candidate surge
multiplier values and their corresponding profit values.

(b) The set of candidate optimal surge multipliers is non-empty and finite.

We, interestingly, observe similar properties for the profit function as we do for matching
efficiency. However, in some cases, we can eliminate a greater number of candidate solutions. For

instance, in Models 1-4 as well as Models 7 and 8, when a > max {O, %}, the optimal surge
“YAT/B

multiplier is either at the upper bound of its corresponding interval, equals zero, or solves

lp —a(l—y,) — (1 — a)yg| = 0. The lower bound is never optimal. Similarly, for Models 5 and

P=YB
1-Y2—V5

6 as well as Models 7 and 8, when a < max {O, }, the optimal surge multiplier is either at
one of the endpoints of its corresponding interval, equals zero, or solves |p —a(1 —y;) —
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(1 — a@)yp| = 0. This occurs because setting a higher m allows the platform to earn greater profits,
which aligns with drivers’ motivation to maximize earnings. Thus, the selection of m,,,, is a
critical component of our approach. Indeed, because the model does not account for outside
opportunities, it assumes that matches will still occur even if m,,,, is set unrealistically high. In
practice, setting m,,,,, to be large would reduce riders’ demand, violating the assumptions of our

model.

3.4. Numerical Study
Building on the theoretical results from the previous section, we conduct a numerical analysis to
evaluate how information sharing affects the platforms matching efficiency and profitability. We
do so by manipulating six parameters: (a) the average ride distance in Zone B relative to Zone A,
A; (b) the proportion of drivers initially located in Zone A, a; (c) the proportion of riders in Zone
A, p; (d) the relocation cost, c; (e) the degree of drivers’ aversion to regret, n7; and (f) the maximum
possible surge multiplier, m,,,,. In what follows, we focus on presenting key numerical insights
and relegate all tables to the online supplementary material.

For our experiments, the price p per km and the driver commission 6 per ride are set to $0.81
and 0.75, respectively, reflecting Uber’s price per km in Canada (Uber Blog, 2019) and driver
commission (Uber, 2019). From Assumption 3 (i.e., p8 — ¢ > 0), the relocation cost c is initially
set to 0.30 but can range from 0.01 to 0.60. Drivers’ degree of aversion to regret takes two values:
n = 0.699 as estimated in Jiang et al.’s (2021) experiment; and n = 1.2 as used in these authors’
numerical analysis. However, we also perform a sensitivity analysis with respect to 7. The
maximum possible surge multiplier m,,,, is initially set to 5, although we experiment with how
varying this parameter affects the solution structure. Note that while Uber does not reveal a range
for the surge multiplier, Ozdemir (2024) mentions that it “can vary from 1.1x to 3x or more”. The
total number of drivers (n) is set to 100 following Jiang et al. (2021), although its value does not
impact our findings. When known to drivers, the average ride distance A in Zone B relative to Zone

A follows a uniform distribution on (0, Z) with Z set to 2 or 4 as ride patterns can vary throughout
the day. When a sensitivity analysis is not with respect to A, we set 4 to its expected value of g

Finally, the proportion of riders (p) and drivers (&) follow uniform distributions between on (0,1).
Thus, unless this information is provided to the drivers by the platform, drivers’ expectation of

these values are 0.5. The numerical results are presented in Appendix B.
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3.4.1. Optimizing Supply-Demand Matching Efficiency
3.4.1.1. Should Information Be Shared?

We find that sharing information with drivers can reduce the reliance on surge pricing as the
primary mechanism for matching supply and demand. Specifically, Model 8 (sharing all
information) outperforms Models 4, 6, and 7 (sharing two pieces of information) in terms of having
higher matching efficiencies or lower surge multiplier values for the same efficiency. Similarly,
Models 4, 6, and 7 outperform Models 1, 2, 3, and 5, where either no information or one piece of

information is shared. This leads to the first insight.
Insight 1. Sharing information with drivers can be a substitute for monetary compensation.

Figure 3-1 illustrates Insight 1. We focus on even-numbered models because the optimal

matching efficiencies and surge multipliers are identical to the odd-numbered models by setting
A=E[A] = g The proportion p of ride requests in Zone A is set to 0.4, while the proportion a of

drivers located in Zone A varies from 0.45 to 0.99. In these scenarios, Zone B is the surge zone,
and thus, the surge multiplier exceeds 1.0. However, over the entire interval, the matching
efficiency equals 1.0. For @ > 0.6, sharing all three pieces of information outperforms sharing one
or two such pieces, or sharing no information at all. Consequently, sharing more information
lowers the optimal surge multiplier, with the substitution effect being more pronounced when the
imbalance |p — a| between available drivers and ride requests is large.

Figure 3-1. The optimal surge multiplier vs. the proportion of drivers in Zone A
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Nevertheless, as illustrated in the bottom left of Figure 3-1, the type of information that is
shared can be important. In fact, in some cases, information sharing may be unnecessary. For
instance, when the relocation cost ¢ is small, the matching efficiency can be maximized via the
surge multiplier alone; there is no additional benefit (i.e., reducing the multiplier) to sharing

information. This leads to the second insight.

Insight 2. When the relocation cost is negligible, there is no additional value in sharing
information. This effect is amplified when the imbalance between idle drivers and

ride requests is small.

Figure 3-2 illustrates Insight 2. We again vary Zone A’s proportion « of drivers between 0.45
and 0.99 while fixing p = 0.4, which ensures that all models achieve a matching efficiency of 1.0.
As in Figure 3-1, Zone B is the surge zone. However, in contrast to Figure 3-1, the relocation cost
in Figure 3-2 is ¢ = 0.01, which is 30 times lower. Model 1 now has the lowest surge multiplier,
with a more pronounced effect for small imbalances between idle drivers and ride requests. This
suggests that when the relocation cost is negligible, the surge multiplier alone can be used to

incentivize driver relocation behavior.

Figure 3-2. The optimal surge multiplier vs. the proportion of drivers located in Zone A
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Figure 3-2 also indicates that the optimal surge multiplier does not always vary predictably,

and this behavior can depend on the type of information that is shared with drivers. Specifically,
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in this setting, the matching efficiency is maximized when m* solves |p —a(1—y;) —
(1 — a)ysl = 0. When the proportion a of drivers initially located in Zone A is not shared with
drivers (i.e., Models 1-2 and 5-6), the optimal surge multiplier is dependent on a. Alternatively,
when « is shared with drivers (i.e., Models 3—4 and 7-8), m* does not depend on a and the optimal
surge multiplier remains fixed as « is varied. This dichotomy highlights how information sharing
can alter the optimal surge multiplier’s functional form and, consequently, influence the stability

of the pricing relationship between m* and supply/demand.

Insight 3. The optimal surge multiplier value varies nonlinearly with the magnitude of the
imbalance between idle drivers and ride requests as well as what information is

shared with drivers.

Figure 3-3 further illustrates Insight 3 for scenarios where the proportion p of ride requests in
Zone A varies from 0.01 to 0.95 and the supply of drivers is set to &« = 0.2. Note that while most
drivers are in Zone B (since 1 — a = 0.8), high values of p indicates a surge in Zone A, while low
values of p indicates a surge in Zone B. When p is not shared (Models 1-4), the surge multiplier
varies with respect to the imbalance |p — a|. That is, for large values of p, the optimal surge
multiplier is below 1.0 as most of the ride requests are in Zone A. As p decreases, the surge
multiplier increases until its value approaches my,,,. This monotonic relationship occurs because
drivers believe that demand in Zone A equals E[p] = 0.5. Therefore, to correct drivers’
misperception about the number of ride requests, a higher surge multiplier is used. Nevertheless,
as is observed in Figure 3-3, the change in the surge multiplier over the range is nonlinear.

Alternatively, when demand p is shared with drivers (Models 5-8), the behavior of the surge
multiplier depends on whether a is known. If it is (Models 7-8), two optimal surge multiplier
values exist, one above and below 1.0, depending on whether Zone A has more riders or drivers.
Since drivers are directly informed about the exact supply-demand imbalance, less financial
incentive is needed to motivate relocation, as it already aligns with their best interest. If a is not
known (Models 5-6), then the surge multiplier is used to correct drivers’ misperception about the
number of drivers is Zone A. That is, drivers assume E[a] = 0.5. Because a = 0.2, Zone A is the
surge zone when p > 0.2, which requires that m* < 1 to incentivize drivers to relocate to Zone A.
As p approaches «a (i.e., decreases from 0.95 to 0.2), drivers’ perceived that the supply shortage

diminishes, reducing their motivation to relocate. Consequently, the platform lowers the surge
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multiplier in Zone B to incentivize movement to Zone A, even when p < E[a]. When p < 0.2,
Zone B becomes the surge zone necessitating m* > 1 to make it more attractive. In this case,
drivers overestimate the actual supply shortage based on the perceived gap between p and E[«].
As p decreases, ride requests increasingly concentrate in Zone B. Since a = 0.2, most drivers are
already in Zone B and the platform aims to ensure they do not relocate. Therefore, while m* > 1,
it gradually decreases because the imbalance |p — E[a]| alone is enough for the remaining drivers
in Zone A to be incentivized to relocate to Zone B.

Figure 3-3. The optimal surge multiplier vs. the proportion of ride requests in Zone A
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3.4.1.2. What Information Should Be Shared and When?

We next analyze the effect of sharing the average ride distance ratio A with drivers. We find that
sharing A is beneficial (i.e., greater matching efficiency and smaller surge multiplier) provided 4 >
[E[A] in the surge zone. Specifically, if Zone B is the surge zone and 1 > E[A], sharing A encourages
drivers to relocate to Zone B and reduces the need for a high surge multiplier. In contrast, if Zone
B is the surge zone but A < E[1], then Zone B becomes less attractive, requiring the platform to
raise the surge multiplier to compensate. A similar effect is observed when Zone A is the surge

zone. This leads to the fourth insight.

Insight 4. When the average ride distance in a surge zone exceeds its expectation, sharing this

information yields greater matching efficiency and smaller surge multiplier values.
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Figure 3-4 illustrates Insight 4 by plotting the optimal surge multiplier as a function of the
average ride distance ratio A (in Zone B relative to Zone A), which varies between 0.1 and 3.9.

Because the supply @ = 0.9 and the demand p = 0.2, Zone B is the surge zone. In these scenarios,

the optimal matching efficiency across all eight models is 1.0. Since E[1] = g = 2, when 4 < 2,
m* is lower for the odd-numbered models (where A is not shared). Conversely, when 1 > 2, m”* is
lower for the even numbered models which shares A with drivers. These findings suggest that

sharing A can act as a direct substitute to the surge multiplier.

Figure 3-4. The optimal surge multiplier vs. average ride distance in Zone B relative to Zone A
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We next consider the effect of sharing supply a and demand p information with drivers. We
find that the benefit depends on the magnitude of the imbalance |p — a|. Figure 3-5 illustrates this
for scenarios where p = 0.2 and 0.2 < a < 0.99 (note the inverted scale for |p — a|). In these
cases, all models achieve a matching efficiency of 1.0. However, when |p — | is sufficiently high,
Models 7-8 have the lowest optimal surge multiplier values followed by Models 5-6. As |p — a|
decreases (e.g., « < 0.3 and 0 < |p — a| < 0.1), Models 1-2 have the smallest m* as compared
to the other models. Models 1-2 then become the preferred choice when the system is fully

balanced, meaning |p — a| = 0. This leads to a fifth insight.

Insight 5. Information sharing is beneficial when there are large supply-demand imbalances.
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Figure 3-5. The optimal surge multiplier vs. the supply-demand imbalance
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3.4.1.3. How Do Key Model Parameters Affect the Outcomes?

Jiang et al. (2021) show that the relocation cost ¢ influences the drivers’ relocation decisions, with
high financial incentives (e.g., large bonuses) being necessary when c is high. We now explore
how the information shared with drivers may impact this finding. Our experiments indicate that
higher relocation costs negatively affect all models, primarily by increasing the optimal surge
multiplier. However, the ordering of the models remain unchanged as the relocation cost varies:
Models 7-8 (where both supply @ and demand p are shared) exhibit lower surge multipliers than
Models 3—4 (where « is shared but not p), which then exhibit lower surge multipliers than Models
5—6 (where p is shared but not a). Models 1-2 (where neither supply a@ nor demand p is shared)
have the highest m*. Figure 3-6(a) illustrates this finding when all models achieve a matching
efficiency of 1.0 and Zone B is the surge zone (i.e., « > p).

As illustrated in Figure 3-6(b) where Zone A is the surge zone (i.e., @ < p), increasing the
relocation cost reduces the matching efficiency for Models 1-4, whereas Models 5—8 maintain a
matching efficiency of 1.0 over the entire range. Furthermore, the difference between Models 3—4
and Models 5-6 in Figures 3-6(a) and 3-6(b) is entirely driven by which region is the surge zone.
Overall, the impact of relocation costs on outcomes reinforces the notion that information sharing
serves a similar role as surge pricing; higher relocation costs require more information to improve

matching efficiency. This leads to a sixth insight.
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Insight 6. The benefits of information sharing increase as the relocation cost rises.

Figure 3-6. The optimal surge multiplier or matching efficiency vs. the cost of driver relocation
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We next analyze the impact of the regret aversion parameter 7 on information sharing. Our
findings indicate that the benefits of information sharing persist across a broad range of values,
with its effectiveness increasing as drivers become more regret averse. That is, to overcome their
reluctance and ensure adequate numbers relocate to the surge zone, providing information on both
supply a and demand p (i.e., Models 7-8) results in the lowest value of the optimal surge multiplier

m*. This leads to a seventh insight.
Insight 7. The more regret averse drivers are, the more effective information sharing becomes.

Figure 3-7. The optimal surge multiplier vs. drivers’ aversion to regret
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Figure 3-7 illustrates Insight 7 where n = 0.00001 signifies that drivers are rather rational
and 1 = 100 represents drivers that are highly averse to regret. In all cases, the models achieve an
optimal matching efficiency of 1.0. However, Models 3—4 and 7-8, which share the proportion a
of drivers in Zone A, consistently yield the lowest optimal surge multiplier. While these models
exhibit similar performance for small values of 1, Models 7-8 give the lowest optimal surge
multiplier when n > 0.1. In contrast, Models 1-2 and 5—6 (which do not share «), have the highest

surge multiplier values over the entire interval.

3.4.2. Optimizing Platform Profit
By maximizing profit rather than supply-demand matching efficiency, we observe that when the
maximum surge multiplier (1m,,,4, ) is sufficiently large, the optimal surge multiplier is consistently

set to this value. This occurs for all models and numerical scenarios, and aligns with the platform’s
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incentive structure, since an increase in m* also increases the commission drivers earn per ride.
Nevertheless, a large value for m,,,, introduces practical limitations. Specifically, excessive ride
costs undermine the model’s insights, as in reality, riders will opt for cheaper transportation
alternatives (outside options). However, as m,,,, decreases, the optimal surge multipliers for both
objectives converge. Further, by varying m,,,, across {5, 10, 15,25,50,100}, we observe in
Figure 3-8 that the profit-maximizing surge multiplier converges more quickly to the efficiency-

maximizing value when more information is shared. This leads to a final insight.

Insight 8. As the largest possible surge multiplier m,,,, decreases, the optimal surge
multipliers associated with maximizing profit and supply-demand matching

efficiency converge, with the rate dependent on what information is shared.

Figure 3-8. Convergence of the optimal surge multiplier when maximizing matching efficiency
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3.5. Concluding Remarks
Financial incentives, such as surge pricing, are commonly employed mechanisms to encourage
ride-hailing drivers to relocate from non-surge to surge zones. However, the excessive use of this
operational lever to influence idle drivers’ behavior has been a persistent concern for regulators,
customers, and even ride-hailing platforms themselves (e.g., Willingham, 2017; Miao et al., 2023;
Ngila, 2023; Lynley, 2024). This study examines how sharing information about the proportions

of ride requests, drivers, and average ride distances between zones affects (i) regret-averse drivers’
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decisions to relocate and (i1) matching efficiency and platform profitability. Of particular interest
is whether information sharing can substitute for monetary compensation, the extent of this effect,
and the conditions under which different information is most effective. Using a two-period
Stackelberg game, we compare various information-sharing strategies against a baseline model
that only shares the surge multiplier value.

Our findings are consistent with Bimpikis et al. (2019), Ozkan (2020), Besbes et al. (2021),
and Lee et al. (2023) in showing that surge pricing is particularly beneficial when supply (idle
drivers) and demand (ride requests) are imbalanced. Importantly, we find that selecting a
reasonable upper bound for the surge multiplier enables the platform to simultaneously optimize
matching efficiency and profit. This result aligns with Zeng and He (2023), who advocate for
imposing regulatory interventions to cap surge multiplier values. Indeed, our analysis indicates
that information can generally serve as a substitute for financial incentives, with greater
information disclosure resulting in a larger reduction in the surge multiplier. However, we also find
that the impact of shared information—the proportion of ride requests across zones, the proportion
of drivers across zones, and the average ride distance in one zone relative to the other—is not
solely determined by the imbalance between idle drivers and ride requests. Instead, it is also shaped
by critical factors such as relocation costs, drivers’ degree of regret aversion, and their expectations
about information that has been withheld. Thus, our study advances ride-hailing research by
clarifying how surge pricing and information interact and identifying what types of information
are most valuable and when.

Despite its contributions to theory and practice, this study has several limitations. Our models
do not account for temporal dynamics, which can capture the different response timescales of
riders and drivers to surge pricing and shared information. While incorporating multiple time
periods would better reflect real-world conditions, it would also introduce significant complexity
and reduce tractability. For instance, ride requests may be canceled due to price changes, or drivers
may enter or exit zones before completing trips, altering the zone’s surge status before matching
occurs. Our models also assume that drivers accept assigned rides after relocating, whereas in
practice, they can still accept or reject a ride request after relocating. Accounting for this decision-
making could offer deeper insights into the value and timing of information sharing. While we
assume that platforms share credible information—as noted by Hu et al. (2024) and Guda and

Subramanian (2019)—platforms may have an incentive to share false data. Future models could
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explore how drivers perceive and respond to potentially biased information and whether a driver
can glean additional insight from repeated interactions with a platform that varies the information
it discloses. Furthermore, our models assume information is shared symmetrically with all drivers.
In reality, platforms like Uber can modify what to disclose based on factors such as market
conditions, driver ratings, and shift history. Examining how information should be tailored to
drivers could refine strategies for optimizing platform performance. Finally, our analysis focuses
on platform profit and matching efficiency. These are, however, not the only relevant objectives to
consider. Driver welfare, rider surplus, and environmental impact are also important factors,
especially when they conflict with efficiency-based outcomes tied to profit. Incorporating these
considerations into future models would deepen appreciation for the positive and negative
externalities of surge pricing and information sharing on supply-side (i.e., drivers), demand-side

(i.e., riders), and societal metrics, as well as their complex trade-offs.
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Chapter 4

Conclusions

4.1. Overview

Ride-hailing platforms have witnessed rapid growth in recent years. The profitability of these
platforms hinges on their ability to efficiently match supply (i.e., drivers) with demand (i.e., ride
requests) over time and across geographic zones. However, optimizing supply-demand matching
efficiency remains an ongoing challenge since drivers independently determine when and where
to work. Ensuring sufficient supply availability across zones poses a persistent difficulty. This

dissertation comprises two essays that contribute to the literature on ride-hailing platforms.

Chapter 2 reviews research published in OSCM journals pertaining to challenges ride-hailing
platforms face regarding day-to-day operations. A primary focus of research on ride-hailing
platforms in OSCM regards the impact that interactions among stakeholders and environmental
factors have on ride-hailing platform’s outcomes (e.g., profit and service level maximization),
riders (e.g., delay minimization) and/or drivers (e.g., labor welfare). Chapter 2 systematically
identifies 89 relevant articles published in OSCM journals. Analysis of these 89 publications led
to the development of an overarching framework to categorize OSCM research on ride-hailing
platforms into five prevalent themes (i.e., ride-hailing platform’s decisions affecting platform,
rider, and driver outcomes; demand-side and supply-side behaviors affecting ride-hailing
platform’s decisions and stakeholder outcomes; ride-hailing platform’s decisions affecting driver
and/or rider behavior and stakeholder outcomes; environmental factors affecting ride-hailing
platform’s decisions and stakeholder outcomes; and economic, environmental, and social impacts
of ride-hailing platforms. Chapter 2 concludes by offering five future research directions for
OSCM scholars to consider (i.e., interactions among mechanisms for desired driver behavior;
competition for riders and drivers, ride-hailing collaboration with other ride-hailing platforms or

car-rental companies, regulatory agencies as stakeholders, and sharing untruthful information).

Focusing on how ride-hailing platforms can efficiently match supply (i.e., drivers) to demand
(i.e., ride requests) dynamically across geographical regions (i.e., zones), Chapter 3 develops a

two-stage Stackelberg game to optimize supply-demand matching efficiency and profitability for
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ride-hailing platforms. The platform determines the optimal surge multiplier to offer and selects
specific pieces of information to share with drivers. Chapter 3 determines how information sharing,
in addition to surge pricing, influences drivers’ relocation decisions and, more importantly,
conditions under which surge pricing can be substituted with information sharing. The latter
research findings enable ride-hailing platforms to lower their operational costs while enhancing
supply-demand matching efficiency. These analytically derived research findings complement
prior scholarly work on supply-demand matching via drivers’ relocation decisions (e.g., Guda and

Subramanian, 2019; Hu et al., 2022; Jiang et al., 2021).
4.2. Discussion of Contributions

A primary contribution of Chapter 2 is the development of an organizing framework that
categorizes the existing OSCM literature on ride-hailing platforms into five main themes,
addressing the following five corresponding questions: a) How do ride-hailing platform’s
decisions influence outcomes for platforms, riders, and drivers?; b) How do rider and driver
behaviors and attributes affect platform’s decisions and stakeholder outcomes?; ¢) How do
platform’s decisions impact rider and driver behaviors, subsequently influencing stakeholder
outcomes?; d) How do environmental factors shape platform’s decisions and their effects on
platforms, drivers, and riders?; €) What are the economic, environmental, and societal impacts of

ride-hailing services?

This framework benefits established OSCM researchers by summarizing the research
questions addressed in this context, highlighting areas where significant work has been done, and
identifying themes of ride-hailing operational challenges that require further attention. It also
reveals new parameters recently introduced in the literature that were previously overlooked. New
OSCM researchers interested in studying ride-hailing platforms can benefit from this framework
in multiple ways. Primarily, it saves time by providing a summarized and organized schematic of
existing literature, helping them not only identify previously explored research questions but also
the relative attention that prior work has levied on these research questions. Additionally, the
framework facilitates the positioning of emerging research findings within the identified themes.
Practitioners can also leverage this framework to enhance decision-making. It helps ride-hailing
platforms identify key stakeholders and their objectives while recognizing that their decisions are
influenced by various factors, including supply- and demand-side behavioral dynamics and
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regulatory mechanisms. Last, the framework demonstrates how the internal platform’s decisions
impact broader outcomes such as public transit usage (economic), hate crime prevalence (social),
and greenhouse gas emissions (environmental), which policymakers may wish to take into

consideration as new legislation is enacted.

A major contribution of Chapter 3 is the role that supply, demand, and ride-distance
information play in drivers’ relocation decisions from non-surge to surge zones and, importantly,
the conditions under which the sharing of these pieces of information is beneficial to the ride-
hailing platform, its drivers, and riders. This contribution reveals that information sharing in a ride-
hailing context is not always beneficial, as prior research highlights. It also pinpoints a new piece
of information (i.e., ride distance) that can be shared to improve supply-demand matching
efficiency and platform’s profitability while reducing both driver idle time and rider waiting time.
A second major and related contribution is delineating conditions under which information sharing
can effectively substitute for surge pricing in drivers’ relocation decisions from non-surge to surge
zones. This novel contribution can reduce operational costs for ride-hailing platforms and the fares
that riders in surge zones pay. A third and final contribution is the magnitude of the surge multiplier
that can optimize both supply-demand matching efficiency and platform’s profitability
simultaneously, with and without information sharing. This contribution extends prior work,
deeming supply-demand matching efficiency and platform’s profitability as desirable outcomes

that are trade-offs.

4.3. Future Research

This dissertation highlights several broad considerations for future research on drivers’ relocation

decisions from non-surge to surge zones.

One is the need for more empirical confirmations of theoretical insights derived from prior
analytical modeling studies. The literature review in Chapter 2 reveals that 76 percent of research
on ride-hailing platforms published in operations and supply chain management journals derive
insights from developing analytical models. These theoretical insights deserve empirical attention
not only to determine the real-world conditions that bound their applicability and validity but also
to assess real-world complexities necessitating alterations of their explanatory and predictive

value. Case-based research, survey research, archival secondary data research, and experiments

81



are likely to be useful methodological approaches for empirical investigations. For example,
algorithms for matching ride requests to drivers (cf., Besbes et al., 2022; Feng et al., 2021) can be
evaluated via case-based or field experiments to determine their effectiveness across cities varying
in size (e.g., medium-sized cities like Calgary versus large metropolitan areas like Toronto). The
influence of pricing on the behavior of earnings-sensitive drivers or price-sensitive riders (cf., Bai
etal., 2019; Bernstein et al., 2021) may also be empirically assessed by surveying drivers. Archival
data from Uber may delve into incentive schemes that have been analytically shown to moderate
driver or rider cancellation behavior (cf., Haferkamp et al., 2024; Mejia and Parker, 2021). Last,
the analytical results from Chapter 3 may, likewise, be assessed in field or laboratory experiments
to evaluate the value of different pieces of information in relocation decisions from surge to non-

surge zZonces.

The focus of this dissertation has been the impact of sharing specific pieces of information on
drivers’ relocation decisions and ride-hailing platform performance from a game theory
perspective (Kumar et al., 2018). A second consideration for future research is to augment this
theoretical perspective with theories and insights from other disciplines. For example, information
asymmetry theory (cf., Aboody and Lev, 2000), with one party having more private information
than another, may be a useful theoretical lens to investigate whether and when ride-hailing
platforms may benefit from selectively sharing either accurate or misleading information to
influence driver behavior. Signaling theory (cf. Connelly et al., 2011) may be another useful
theoretical lens to investigate how ride-hailing platforms (as signal senders) strategically
communicate information to drivers (as signal recipients) and influence their behavior. Signals
sent via heatmaps versus text alerts may, for example, be interpreted and perceived differently by

drivers.

Finally, insights from prior research, as well as from this dissertation, are typically generated
while assuming monopolistic conditions. A third consideration is to relax this assumption,
modeling and analyzing the practice of information sharing in tandem with or separate from surge
pricing under competitive conditions (e.g., multiple ride-hailing platforms in the same market,
ride-hailing platforms competing with traditional transportation options for drivers and riders, or
ride-hailing platforms performing logistic activities other than passenger transport such as product

delivery). Drivers and riders, for example, can multi-home (i.e., use multiple platforms).
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Understanding how drivers make relocation decisions or prioritize one platform over another and
whether there exists a win-win scenario for competing platforms sharing information with drivers

would extend the extant knowledge.
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institutional challenges, especially in the sharing economy.
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Yu et al.

2019

International Journal of Production

Economics

Analytical modeling

How do we minimize ride-hailing carbon emissions
while optimizing driver welfare?

Non-linear
Programming

They introduce the concept of Pareto-optimal rides and
demonstrate that each Pareto-optimal solution of the
BGRSP (Bilinear Geometric Ride-Sharing Problem)
consists of these optimal rides. Consequently, the solution
space can be streamlined by eliminating non-Pareto-
optimal rides.

They also define the Pareto-optimal partition and show that
every Pareto-optimal solution of the BGRSP is made up of
these optimal partitions within each submatrix. This
approach significantly narrows the solution space by
excluding non-Pareto-optimal partitions, achieving up to
(1-5.5E-42)*100% reduction.

The proposed model and methodology are effective in
simultaneously reducing carbon emissions and ensuring
driver satisfaction.

Zhong et al.

2019

International Journal of Production

Economics

Analytical modeling

1. “Does employing permanent drivers really
enhance the service level?

2. Is it beneficial for ride-hailing platforms to
employ permanent drivers?

3. How do the employment of permanent drivers
and competition between ride-hailing platforms
affect the strategies of the ride-hailing platforms,
the corresponding riders' / drivers' surpluses, and
social welfare?” (p.364)

Game-theoretic
Model

To maximize profits, a monopolistic ride-hailing platform
should provide higher subsidies to attract more temporary
drivers, resulting in lower prices when it employs both
temporary and permanent drivers compared to using only
temporary drivers.

This approach can lead to increased ride-hailing platform
profit, as well as greater rider surplus and overall social
welfare.

In a two-sided market, a monopoly ride-hailing platform
may sometimes offer more benefits to both riders and
drivers than a duopoly.

The use of permanent drivers can significantly influence
how competition affects the ride-hailing platform's optimal
strategies, as well as the surpluses for drivers and riders and
overall social welfare.
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Al-Kanj et
al.

2020

European Journal of Operational

Research

Analytical modeling

How do we decide on the dispatch problem,
including rider-car allocation, recharging,
repositioning, and parking, along with surge pricing
and the fleet size of electric vehicles?

Approximate
Dynamic
Programming

The performance outcomes of their model indicated that
hierarchical aggregation in value function approximation
leads to superior results and significantly faster
convergence.

The proposed VFA policy was highly effective in guiding
dispatch decisions, outperforming the myopic policy by
17%.

The VFA policy generated realistic patterns in car
repositioning and recharging during off-peak times,
ensuring readiness for peak-period rider demand.

The adaptive learning framework for surge pricing
exhibited operational behavior akin to real-world scenarios,
where prices rise with demand, resulting in a 13% revenue
increase.

Jia et al.

2020

International Journal of Operations

& Production Management

Empirical

How do ride-hailing platform companies adjust
their operational strategies to foster loyalty among
drivers and riders?

Case Study

Ride-hailing platform companies could pursue mergers and
acquisitions to integrate resources and minimize excessive
competition within their respective industries.

To enhance supply network readiness and boost operational
capacity, ride-hailing platform companies should attract
more stakeholders. Meeting user expectations in this way
fosters user satisfaction and, in turn, promotes ride-hailing
platform loyalty.

Ride-hailing platform firms should be mindful of the
externalities their operations generate. By aiming to create
positive externalities and mitigate negative ones, they can
better foster ride-hailing platform loyalty.

Ozkan

2020

European Journal of
Operational Research

Analytical modeling

1. “Is matching optimization necessary?

2. Is fixing the matching decisions to a simple
rule and optimizing only the pricing decisions
enough to achieve the optimal performance?”
(p-1149)

Fluid Model

Optimizing pricing decisions while keeping matching
decisions fixed generally does not maximize the number of
matches.

Optimizing matching decisions while holding pricing
decisions constant is generally not optimal.

Under certain conditions, optimizing in just one
dimension—whether pricing or matching—offers no
advantage to the ride-hailing platform, whereas jointly
optimizing both can result in substantial performance gains.
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& They demonstrate that the NP-hard nature of the offline
é = problem is rooted in the allocation constraints.
-2 3 How can we develop a data-driven driver The system significantly reduces average waiting times and
I n g . . P - Rolling-time- improves planning efficiency compared to the request-
16 Wang & Wu ISy = = dispatching system for a control center to minimize : . . .
Q R S riders’ waiting time? horizon driven dispatching method.
7] = ? . . . . .
3 = In typical scenarios, the dispatch system identifies an
=) g acceptable solution that nearly meets allocation constraints
< while ensuring only a slight increase in waiting time.
3 o0 What is the impact of a class of regulatory policy hll tt};e abser}cEtof gtov:e_rrlllm ?.t 1r11terv§1nt1t0n(,i_t?e nclle;—hglllng
g 5 that controls the maximum number of registered platiorm might potentially dispiace the traditional taxi
5 3 dri - . e . industry under specific conditions.
R 4 rivers in a ride-hailing platform on: A well-crafied lat i hi
I = g o Different stakeholders (platform, riders, drivers, Game-theoretic we'l-cratied reguiatory po’icy can achieve a more
17 Yu et al. S g = and taxi drivers) Model effective balance among various competing objectives.
e 2 .. If the government can reform the taxi industry by
o > e Traffic conditions . . .
] = . . modifying taxi fares, lowering these fares rather than
5 ] e The underlying competition between the on- . . . . .
s < . - . enforcing stringent regulations on on-demand ride services
demand ride service and taxis .
could enhance overall social welfare.
1. How do supply and demand in the market
respond to changes in ride-hailing platform
3 ‘q‘d) o prices considering both “single-homing,” where
E g £ the drivers work through a single ride-hailing Increasing prices during a demand surge benefits both
A g ] platform and “multihoming” where drivers drivers and riders compared to a scenario where ride-
. - < g g deliver their service through both ride-hailing . hailing platforms are forced to maintain the same prices as
Bernstein et b oS Game-theoretic "
18 al S g = platforms? Model under normal demand conditions.
. 72} . . .. . .
§ g é 2. W.hat types.o_f sppply e_lnd demand outcomes can While individual drivers might be tempted to operate across
L.g 'g = arise at equilibrium prices? multiple ride-hailing platforms, overall, all participants are
Eg <: 3. How do various underlying cost and market worse off if every driver chooses to multi-home.
SO parameters influence the relationships between

supply and demand and how much of the rider
market gets served at equilibrium?
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19

Besbes et al.

2021

Management Science

Analytical modeling

“How should a ride-hailing platform optimally set
prices across locations in a city and what is the
impact of those prices on the strategic repositioning
of drivers?” (p.1350)

Game-theoretic
Model

In the optimal strategy, the ride-hailing platform customizes
its approach based on location. Prices are adjusted to
perfectly align supply and demand in some areas, while
congestion is intentionally created in others. Additionally,
less profitable locations are indirectly excluded through
pricing.

They develop a quasi-closed form for the optimal solution
applicable to a range of models affected by demand shocks.
Interestingly, while the optimal solution improves the
balance of supply and demand around the shock, it also
inadvertently causes a shift away from the shock area.

The optimal pricing strategy divides the city into several
zones centered around the origin. The area experiencing the
demand shock is served by three subregions: the immediate
origin, the inner center, and the outer center. In the origin
zone, locations benefit from the shock, attracting some
drivers to remain there while others head toward the origin.
In contrast, the outer center, being too distant from the
shock, is purposefully penalized through pricing to
encourage drivers to move closer to the origin.

20

Chakravarty

2021

Production and
Operations Management

Analytical modeling

Can a ride-hailing platform with a blended capacity
(full time employees with a fixed wage rate, and
independent drivers who are paid a share of
revenue) be viable?

Game-theoretic
Model

A mixed ride-hailing platform capacity is feasible when the
wage rate is moderate, there is a substantial pool of
independent drivers, and the market for ride-seckers is
large.
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As the number of riders grows, the ride-hailing platform
should simultaneously increase both the distance fare and
g wages while also boosting the payout ratio to attract more
=] drivers.
3 Conversely, when the number of drivers rises, the ride-
E %D hailing platform should reduce both the distance fare and
Sz g wages, and it may lower the payout ratio to enhance
Done & — =B g “What is the ride-hailing platform’s optimal profitability.
21 Le E § § S = decisions on both the unit wage and the service Choice Model An increase in either the number of drivers or riders can
g 2 E fi price?” (p.2) boost the ride-hailing platform's profits, provided the
TE = numbers remain below their respective thresholds.
g g If the number of riders or drivers exceeds its threshold, the
g ride-hailing platform's profit will continue to increase, but
£ 2P p
‘QE) the effect becomes less pronounced if the other group does
= not also expand.
The ride-hailing platform benefits most when both the
number of riders and drivers are high.
g g
B2 2 - “How much increased efficiency, if any, ride The on-demand mechanism is more effective in reducing
Qo = hailing platforms bring to the transportation . . . RS
g ) 2 system? rider waiting times when traffic intensity is either low or
g g ; . - . high, while the traditional mechanism may be more
3 o S g . Whether the ride-hailing platf Model gL ona  fody 56 me
22 Feng et al. 8 £ = = W N ’er the ride ating platiorm can reduce Queuing Mode efficient when traffic intensity falls within the mid-range.
Q 5w S riders’ average waiting times comparing to . . >
= = e L The on-demand matching mechanism may be less efficient
2.2 > street-hailing system where arriving riders are . .
& 3B < . . : . than the traditional street-hailing approach when system
ER s picked up by the first available taxi passing e
g8 < o utilization is moderate, and road lengths are extended.
= & by?” (p.1237)
. . . . Formally defining a dynamic timeframe and commuter
4“5 . “What is a realistic matching plan evaluation rmaty & a cyn . .
° £ - . migration and presenting an innovative model to assess
= 8 method and decision rules for dynamic . :
9 . . . matching quality.
E 8 timeframe segmentation? Dynamic . . . .
- 4 o . . . Proposing decision rules for segmenting dynamic
IS R g . What is an adaptive profit-based threshold for Programming and . - L.
23 Guo et al. S S 2 . : . timeframes and a method for achieving anticipation-based
Q g the generated value of driver-rider pairs? Secondary Data L . L .
3.2 en) . . . . . commuter migration using historical matching data.
g s - What is an effective matching and routing Collection Introducing a new multi-strategy local search heuristic
58 algorithm for solving large-scale instances?”’ . 8 egy . .
) (p-811) algorithm capable of producing near-optimal solutions to

the problem in a short computational time.
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4 = . . The ride-hailing platform gains from providing both solo
°c 2 El 1. “How the pool and solo options affect a strategic ne p ne P & DOl
= 8 = S . . o and pooled rides when rider types are evenly distributed,
Q [} rider’s ride choice, an independent driver’s .
= b=t L . : - s and congestion levels are low.
— 4 g decision to drive, and the ride-hailing platform’s . . . . .
Jacob & IS 2 = . In high-congestion scenarios, the ride-hailing platform
24 = oS = revenue? Queuing Model . .
Roet-Green Q g g S . . . should opt to offer either solo or pooled rides, but not both.
2 g = 2. How congestion and driver endogeneity affect When the number of drivers is determined within the
= = o R . . u v w
g 2 g ;T:a:éz?ezi;ﬂl:fuﬂ?;:;ﬁqi (()gti?;g;)p riemsg system, the ride-hailing platform’s revenue per driver can
O < o decline as the rate of rider arrivals increases.
1. “How does the presence of regret affect workers’
@ relocation decisions? In other words, are regret- Regret aversion significantly influences workers' decisions
_5 averse workers more or less likely to leave their to relocate.
g current, oversupplied zone and go to the high Workers who are regret-averse tend to be more inclined to
& demand zone? move to areas experiencing a shortage of supply compared
0 w 2. How should a ride-hailing platform leverage this to rational workers.
é g = behavior and design an optimal level of Game-theoretic Despite this heightened relocation tendency, it does not
55 Jiane ot al I 38 5 compensation to encourage an adequate number Model and necessarily result in better system performance.
8 ' & Qg E of workers to move to the supply-shortage zone? Experiment Ride-hailing platform measures, such as sharing demand
& ‘2“ Should the ride-hailing platform offer a higher or information and offering dynamic wage bonuses, can
é lower compensation when workers are regret enhance system effectiveness.
8 averse as opposed to regret neutral? ) Regret-aversion among workers can lead to increased ride-
g 3. Do the ride-hailing platform, workers, and qders hailing platform profits, higher worker surplus, and
s benefit or suffer from workers’ regret behavior improved demand-supply alignment, benefiting the overall
under the ride-hailing platform’s optimal level of on-demand system.
compensation?” (p.696)
%D If the ride-hailing provider is aware of the pricing strategy
3 for customized buses, the optimal ride-hailing price follows
- & g What is the optimal price for ride-hailing services Game-theoretic a quadratic relationship with the customized bus price.
26 Lietal. § = = when the ride-hailing platform provides both ride- Model When the customized bus provider knows the pricing
o };" hailing and customized bus services? strategy of ride-hailing, the optimal price for customized
= buses becomes a non-decreasing function of both the fixed
g factor and the linear coefficient of ride-hailing services.
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27

Lin et al.

2021

Omega

Analytical modeling

What is the impact of cooperating with car-rental
companies on ride-hailing platforms' profit and
riders' and drivers' welfare?

Game-theoretic
Model

The optimal price and the ride-hailing platform’s profit do
not always increase with the potential number of drivers
without cars or the commission received from the company.
High commission rates paid to the ride-hailing platform by
the car-rental company or a low fixed payout ratio can
result in a mutually beneficial outcome for the ride-hailing
platform, riders, and drivers.

28

Liu et al.

2021

Management Science

Empirical

“How do these innovations affect moral hazard and
service quality?” (p.4665)

Secondary Data
Collection

On average, taxi drivers cover 8% more distance than
matched Uber drivers on metered airport routes, with
nonlocal riders on these routes experiencing even longer
travel distances.

This extended routing is not observed for short trips in
dense areas, such as within-Manhattan trips, or for airport
trips with a fixed fare.

Generally, longer routing results in increased travel time
rather than time savings for riders.

These observations align with the idea that digital ride-
hailing platform designs mitigate driver moral hazard,
contrasting with alternative explanations like driver
selection or variations in navigation technologies.

29

Mejia &
Parker

2021

Management Science

Empirical

To what extent do a rider’s gender, race, and
perception of support for lesbian, gay, bisexual, and
transgender (LGBT) rights impact the drivers’
cancelation rates in ride-hailing platforms?

Field Experiment

Biases at the ride request stage have been addressed, but
racial and LGBT biases persist after ride acceptance, with
no evidence of gender biases.

Peak times moderate biases, showing lower cancellation
rates for non-Caucasian riders, while no similar effect is
observed for LGBT-supportive riders.

Despite recent adjustments to rider transparency timing,
biases continue to be an unintended outcome of ride-hailing
platforms.
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g = = If the mismatch cost for safety-conscious female users
g 2 . B .
_ ) UE) g Will a “hybrid” system with a “female-only” Queuing Model and exceeds a spec1ﬁc threshold, transitioning fmm a pooling
b < 5 . . o . . system to a hybrid system can create a beneficial outcome
30 Tang et al. S g e = option result in a win-win-win outcome for riders, Game-theoretic . .
Q S g 3 drivers, and the ride-hailing platform? Model for both these users and the ride-hailing platform.
S § > ’ ’ However, this shift may negatively impact male users and
3 g female users who are less concerned about safety.
g <
-9
.5 How can matching policies be improved by Game-theoretic The numerical examples involving both the small-scale
_ g § ) explicitly modeling the vacant trips from the end of Model and Nguyen—Dupuis network and the realistic Friedrichshain
31 Xu et al. § g g = one rider delivery trip to the start of the next, Secondary Data network show that the suggested model is capable of
é %} am which include cruising for riders and deadheading Collegion predicting ride-hailing system performance and
& for picking them up? understanding its effects on network traffic conditions.
Their experiments, conducted with real data from Haikou
city, highlight the advantages of the proposed policy over
the commonly used CD policy and predetermined
o . . isi recharging rules in terms of increasing revenue and
- s ) How do we optimize matching, repositioning and Magkov DCCIZIOH red ciﬁ rges onse fime g revenu
32 Yu et al. 8 g 2 recharging operations for electric autonomous rocess an ucing respon :
Q = . Secondary Data Performance is influenced by factors such as the number of
o = vehicles? g . . X
Collection available electric autonomous vehicles (EAVs), request
arrival rate, and the number of recharging stations.
Response time decreases as fleet size and the number of
recharging stations increase.
g
=
§ » . . . . Both vertical and horizontal fairness issues tend to decrease
R o0 1. “What is the impact of horizontal and vertical s . .
2 £ fairness concerns on the ride-hailing platform? the utility of the ride-hailing platform.
L;] % E 2. How can the ride-hailine platform égers)i 0 ’ Implementing strategies such as revenue and demand-
_ S g g . . . gp . g . based hailing and fare subsidies can improve the ride-
IS % O incentive strategies to relieve the impact of Game-theoretic o R R
33 Zhang et al. o g o = . 0 hailing platform's utility by mitigating the adverse effects
Q S g S fairness concerns? Model > K . .
£ 8 =3 3. How can the government use taxi fares as a of horizontal and vertical fairness concerns, respectively.
IS = . . . .
4 = s lever to relieve the impact of fairess concerns?” Govemment regulation of‘tax1 fares can alleviate the
[;_“3 < negative effects of dual-fairness concerns and lead to
m
m
=)
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34

Besbes et al.

2022

Operations Research

Analytical modeling

“How should capacity thinking be adapted to
spatial settings where drivers need to reach riders
before service can start?” (p.1272)

Markov Decision
Process

The square root safety rule fails to achieve a balance
between driver utilization and rider wait times in spatial
systems.

In spatial settings, pick-up times contribute to the system’s
load and serve as an internal source of additional workload,
making the system operate efficiently only when there is a
significant imbalance between supply and demand.

To achieve a balance between utilization and wait times,
the platform should apply a higher safety factor
proportional to the offered load raised to the power of 2/3.

35

Beirigo et al.

2022

Transportatio
n Science

Analytical
modeling

How do we hire on-demand autonomous vehicles
and match them with riders?

Approximate
Dynamic
programming and
Mixed Integer
Optimization

The proposed policy surpasses a reactive optimization
approach across various vehicle availability scenarios
while requiring fewer vehicles.

Mobility services can provide stringent service-level
agreements to different user groups, incorporating both
delay and rejection penalties.

36

Benjaafar et

al. (1)

2022

Manufacturing &
Service Operations

Management

Analytical modeling

1. “Are drivers indeed hurt by an expansion in the
driver pool size in on-demand ride-hailing
platforms?

2. Which type of wage-floor regulation is
preferable?

3. Are riders hurt by the imposition of a wage
floor?” (p.110)

Game-theoretic
Model

Average driver welfare first increases and then decreases as
the driver pool size grows; specifically, drivers only
experience negative effects from a larger driver pool when
it becomes sufficiently large.

The effective wage floor is more effective than the nominal
wage floor for maximizing driver welfare.

Contrary to the traditional belief that riders suffer from an
effective wage floor due to higher prices, riders actually
gain from it.

37

Benjaafar et
al. (2)

2022

Management Science

Analytical modeling

What is the impact of the ride-hailing industry on
traffic and car ownership?

Game-theoretic
Model

When the ratio of ownership costs to usage costs is low,
ride-hailing is typically provided as a peer-to-peer (P2P)
service. Conversely, when this ratio is high, ride-hailing is
offered as a business-to-consumer (B2C) service.

While ride-hailing services might decrease the number of
car owners, they can also lead to increased traffic.

As ownership costs rise, both traffic and car ownership
may increase. A revenue-maximizing ride-hailing platform
might prefer a scenario where vehicles are frequently
driven with only a few riders, resulting in higher traffic
congestion.
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1. “How can an econometric framework be
8 ‘g designed to link the theoretical model that
g g describes drivers working and quitting decisions Drivers exhibit behavior aimed at reaching specific income
A eh under the target effect to data? Game-theoretic targets.
~ ?D g ) . What targets do a group of hetero-generous Model and The drivers” working hours do not necessarily rise in a
38 | Chenetal. (a) 8 £= 2 rideshare drivers set? straightforward manner with increases in bonus rates due
Q g g = . . o Secondary Data . o .
g & . What are the optimal bonus rates the ride-hailing Collection to the target effect, and the ride-hailing platform might not
ég '§ platform should set to achieve the short-term allocate its entire bonus budget to maximize capacity or
g2 objective of max.imi;ing peak—l_lm}r ‘capacity or profit.
> O the long-term objective of maximizing profit?”
(p.973)
" In the multiplier-based pricing scheme, the price during
2 non-peak times is set lower compared to the uniform price.
% The multiplier-based pricing model becomes more
§ profitable with a larger number of potential participants
M during non-peak periods, especially if either the
_5 ) compensation ratios in both models are high or the
3 2 . “Which pricing scheme is more suitable for an comp e;nsatlon ratio in t‘he multiplier-based mo@el 18 I.OW
5] 3 . 1 : Participants are more likely to benefit from a ride-hailing
o = g on-demand ride-hailing platform, uniform or . . . .
Q ~ S . Game-theoretic platform that uses uniform pricing under the following
39 | Chenetal. (b) IS Gy = multiplier-based pricing? o T L
Q © S Wh . . . Model conditions: a lower commission ratio in both models, a
= = . at are the applicable regions of the different . . L
g > . o lower compensation ratio in the multiplier-based model, or
| = pricing schemes?” (p.2) . L . .o
3 é higher commission and compensation ratios in both
2
=
=
.S
S
=
2
S

potential participants between peak and non-peak periods
are higher.
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1. “For the ODR ride-hailing platform: What are
o0 the optimal pricing and hygiene level decisions
'g under the CoV outbreak with and without Implementing blockchain technology results in higher
g implementing blockchain? service costs and improved hygiene standards.
gﬁ %D 2. When will the implementation of blockchain If riders have a significant concern about infection,
o ‘é g help the ride-hailing platform? What will be the blockchain adoption can create a win-win situation for the
« g g g situation in which deploying blockchain on-demand ride (ODR) platform, drivers, and riders.
40 Choi & Shi § § 4y = becomes an all-win solution (i.e., riders, drivers, Queueing Model When drivers are responsible for maintaining special
£ g é and ODR ride-hailing platform all get hygiene standards, both the optimal service price and
§ = § benefited)? hygiene level are generally lower.
[g < 3. How robust are the findings when we generalize Reducing fluctuations in rider perceptions of service value
m the models to different settings such as a) the is crucial to enhancing the benefits and effectiveness of
E case when the special hygiene level is the blockchain implementation.
= decision made by the drivers, and b) riders are
risk averse?” (p.739)
Offering proactive compensation to frustrated riders proves
8 to be profitable and enhances their engagement,
5 . . rticularly effective for addressing 1 it times but
‘% 1. “How can we design the process of sending particuiarly etlective for acdressing fong wait imes bu
R = . . . less so for long travel durations.
~ = R3] targeted proactive compensation to riders . . . s
N =) k= e R . . . This approach is more effective than providing the same
41 Cohen et al. S ) a. experiencing a frustration in the context of ride- Field Experiment . .
Q g g hailing? compensation to riders who are not frustrated.
o 2. What is the impact of such a practice?” (p.2433) The ?ffectlveness of this strategy is influenced by the
g rider's past usage frequency.
= The most effective strategy is to provide credit for future
use.
Given that a driver's behavior is influenced not only by the
" price or wage set by the ride-hailing platform but also by
g the strategic interactions between both sides of the ride-
"é %D hailing platform, their model lacks differentiability.
3= 3 Nevertheless, they demonstrated that a unique equilibrium
- e What is the impact of competition and coopetition . exists for the ride-hailing platforms.
Cohen & N < o £ . : o s Game-theoretic .. s . .
42 IS =p= = for two-sided ride-hailing platforms on platforms Coopetition or competitive partnerships can provide
Zhang Q & s S X . Model . o .
g g =} profits, rider surplus and driver welfare? advantages to both ride-hailing platforms, riders, and
5 = S drivers if supported by a well-structured profit-sharing
r§ Z agreement.
& While coopetition proves advantageous when demand-side

competition is high, it may disadvantage at least one ride-
hailing platform when supply-side competition is intense.

111




(continued)

S =
= - >
= =
2 5| E | E : ,
5 Author (s) 2 S 5 g Research Question(s) Method Insights
= S 2
4 E = <
8 & In a dynamic system where the world transitions
'§ = stochastically between surge and non-surge states, with
A 3 1. What is the impact of surge pricing on driver varying ride distances and driver distributions,
53 Garg & I ‘g E earnings? Stochastic Dynamic multiplicative pricing fails to align with incentive
Nazerzadeh & g 3 2. Which one is more beneficial? Additive surge Programming compatibility.
e % pricing or multiplicative surge pricing? The}{ identify the conditions under which afiditiv§ pricing
§ é provides greater benefits compared to multiplicative
pricing.
(s
° =
= 9 . L . . .
E § Their findings illustrate how ride-matching and routing
22 = Mixed Integer affect ride-hailing decisions, highlighting the significant
N = = What is the optimal policy for ride-matching and Optimization and contribution to the practical implementation of ride-hailing
44 Guan et al. s s £ 2 . S . .
Q g .S E routing considering riders’ dynamic mode choice? Secondary Data systems.
g é Collection They determine the most effective model for small-scale
E n% versus large-scale scenarios.
=
. . A brief, i in pri 1 high-val
0 1. “Accounting for salient temporal elements of . brief, steep ICIease In prices oﬁen. cads 18h-value
o g . L . . o s riders to wait out the initial surge period, which in turn
SERs) ) ride hailing, what is a ride-hailing platform’s . .
E =] £ . P . . attracts more drivers to the area who serve these riders at
o) = optimal/equilibrium surge-pricing policy? L L
2 < . o s . significantly reduced rates compared to the initial surge
QI S 3 2. Can the ride-hailing platforms’ current pricing rice
45 Hu et al q e § E practices be explained? Game-theoretic l"i"h t.h ficall timal trati icine strat
’ & = S 3. How may such ride-hailing platforms improve Model ¢ theoreticatly opfimal penctration Surge pricing strategy
£ 5 =3 their surge-pricing policies? (starting with a low price and then increasing it) indicates
= = | : ; ;
ER: g 4. What impact would there be if a ride-hailing th?t _adop ting a different app roagh could enhapce surge
£ O < o . f pricing effectiveness, underscoring the potential benefits
§ & platform neglects riders’ and drivers’ strategic for ride-hailing platf to share d 4 1
behavior in their surge-pricing practice?” (p.92) ir??o?mttki lvr‘lftﬁ gri\(/):rrsls 0 share demand-supply
8 ‘qa) They establish sufficient conditions for matching rewards
o=} _%ﬂ . . . that ensure the optimal matching policy adheres to a
? & o} What is the optimal supply-demand matching priority hierarchy among potential matching pairs
] 3 licy to maximize the expected total discounted . Lo Y & pote £ paus.
S g g | pouey P Stochastic Th t rty streamlines the matching d
q o S g rewards, given that unmatched demand and suppl S priority property streamiines the matcing dectsion
N = ks ewards, g pply . L . : . .
46 Hu & Zhou IS §= ] . o . . Dynamic within a given period, reducing the trade-off to a choice
Q 5w S may incur waiting or holding costs, and will be . . . .
Y =} fully or partially carried over to the next period? Programming between matching in the current period versus in the
& 'S 2 ? p
SIS s uture.
= 125 . . . . . .
g g é ® ) For matching a specific pair, the optimal policy continues
=0 to match until a predefined threshold is reached.
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_5 = w Their most effective policy, trained using deep
~ s 8 .S £ | How does an operator controlling a fleet of electric . reinforcement learning, consistently outperforms the re-
N ER: £ 5 . . . e . S Markov Decision TR - . .

47 | Kullman et al. S 22 25 vehicles for use in a ride-hailing service optimize Process optimization approach across different instance sizes and
§ » g g matching, repositioning and recharging operations? can be scaled and applied to larger instances without the
= need for retraining.

8 . o, )
< g In compact urban areas, ride-hailing services notably
g _ 1. “What is the impact of Uber on traffic exacerbate traffic congestion, whereas, in sprawling cities,
o g B ion? . . ion.
' o g § 2 congestion? Difference-in- they ‘tend to reduce congestlop o
48 Li et al. (b) IS 5 & 2. How does urban compactness moderate the . The impact on traffic congestion is influenced by both the
Q e g . . differences . . . . .
3 g 5 impact of Uber on traffic congestion? What are efficiency-enhancing and demand-inducing eftects of ride-
& '§ plausible underlying mechanisms?” (p.240) hailing services, with the overall effect varying based on
g the level of urban compactness.
e}
They propose a spatio-temporal pricing (STP) strategy that
- aligns incentives, ensuring that it forms a subgame-perfect
2 .%ﬂ equilibrium where drivers consistently accept their ride
§ s How to optimally set prices that are appropriately assignments.
) 2 smooth in space and time, so that drivers will . Regardless of the historical context, the STP strategy
9 " = i . . Game-theoretic -
49 Ma et al. S 2 = nevertheless choose to accept their dispatched trips Model guarantees outcomes that are optimal for overall welfare,
g 8 . - - ode e . .
= B rather than drive to another area or wait for higher free from envy, individually rational, balanced in budget,
g é‘ prices or a better trip? (p.1025) and core-selective.
& < Compared to a short-sighted mechanism, the STP strategy

offers significant enhancements in both social welfare and
earnings fairness.
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50

Miao et al.

2022

Journal of Operations

Management

Empirical

What is the impact of surge pricing on driver

earnings and driver availability?

Difference-in-
differences

Surge pricing results in higher weekly earnings for drivers.
Analyzing weekly earnings through the lens of “intensive
margin” and “extensive margin” reveals two competing
effects: a cherry-picking effect and a competition effect.
The daily earnings decrease because the competition effect
outweighs the cherry-picking effect.

The rise in weekly earnings can be attributed to the
extensive margin, where drivers compensate for lower
daily earnings by increasing their number of working days.
Surge pricing incentivizes more part-time drivers to enter
the market, which crowds out full-time drivers, and the
overall increase in weekly earnings is predominantly due to
these part-time drivers.

51

Pan & Qiu

2022

Production and
Operations Management

Empirical

“Has Uber siphoned riders from public transit, or
has it made public transit feasible for more riders?”

(p.907)

Secondary Data
Collection

The introduction of Uber has led to a notable decrease in
rider trips on buses.

However, Uber’s entry has had little impact on public
demand response transportation, suggesting that Uber does
not directly compete with services addressing the “last-
mile problem.”

The influence of Uber’s entry varies across different urban
areas.

52

Pavone et al.

2022

Operations

Research

Analytical
modeling

How to optimally match riders and drivers using

hypergraph with delays?

Hypergraph
Matching

They present a thresholding algorithm and demonstrate that
it achieves the optimal competitive ratio for deterministic
algorithms.

For k > 2, they identify both the optimal competitive ratio
and the optimal polynomial-time competitive ratio, up to a
factor of 2 — 1/d.
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" . Driver welfare only declines if the cost of autonomous
_5 vehicles is high. Conversely, the impact of having access to
g 1. “Are competing ride-hailing platforms helped or autonomous vehicles on'ride-hailing pl.atform profit
& ) harmed by ride-hailing platforms’ obtaining depends on the ownership of these vehicles.
S = = access to autonorp(?us vehicles? ) . For ride-hailing platfopn~ profit to decrease duq to access to
= g 3 2. How do the conditions under which access to autonomous vehicles, it is necessary and sufficient that the
Siddiq & q 38 E autonomous vehicles reduces ride-hailing Game-theoretic cost is high for ride-hailing platform-owned vehicles and
Taylor & & g 3 platform profits, driver welfare, and social Model low for individually-owned vehicles.
ki § = welfare erend on th? autonomous‘vehicl.e's’ e The effect of autonomous vehicle access on social welfare
5 % ownership structure (i.e., whether ride-hailing is influenced by who owns the vehicles.
& platforms or individuals own autonomous e Social welfare increases with individually-owned
E vehicles)?” (p.1511) autonomous vehicles but decreases with ride-hailing
g platform-owned autonomous vehicles, provided that the
cost of these vehicles is high.
e Factors such as consumption competency, peer-to-peer
'i:) consumption spillover, and the availability of taxi services
§ 1. What is the impact of ride-hailing industry on have a significant impact on tourists' use of ride-hailing
~ tourism? services, whereas safety reputation and destination
2 5 2. What are tourists' choices between ride-hailing familiarity do not significantly influence this behavior.
54 Tan et al. g g :é and tgxl s'erv1ces? . o Econometric Model Over Flrpe, c.ost sayl_ngs have becomg less relevant 1r_1
Q 2 g 3. 1Is using rlde_:share_:s duqng their trip affects explaining ride-hailing demand. During the pandemic, the
= = tourists’ satisfaction, trip value, and views on severity of local outbreaks has influenced tourists' use of
= local friendliness? ride-hailing services.
§ The use of ride-hailing by tourists had a notable effect on
2 their trip or destination evaluations in 2020, but this was
not the case in 2016.
Collusive behavior among drivers is more probable in
o .5 % E .%D What is the impact of the driver’s collusive G . _ s_ituations where riders have moderate sensitivity to waiting
55 | Tripathy et al. = 5 5 = % behavior on the ride-hailing platform’s surge ame-theoretic tmes. . s . . .
Q 85 s 3 cicine nolicy? Model In certain scenarios, if riders persist in requesting services
A <& |P g policy despite driver collusion, the ride-hailing platform may
profit from elevated surge prices.
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e Their model resulted in significant systemwide cost
8 reductions, translating to rush-hour savings of millions of
g dollars daily while also lowering expenses for both riders
3 and drivers.
o g 2 “Can public transit and ride-hailing coexist and Mixed Integer . These findings remain consistent despite variations in
56 Wei et al. = = 2 thrive in a way that enhances the urban Optimization and assumptions about rider demand, transit service levels,
o 5 an transportation ecosystem as a whole?” (p.725) Case Study ride-hailing dynamics, and transit fare structures.
2‘ By taking into account ride-hailing competition, rider
s preferences, and traffic congestion, transit agencies can
= create schedules that reduce costs for riders, operators, and
the overall system, achieving a rare win-win-win scenario.
. The extent of initial waiting time information and how
often it is updated greatly influence the rate at which riders
9 abandon their requests.
E; e Adjusting the initial waiting time by one minute does not
A = How does providing waiting time information, affect rider abandonment, as the impact of this adjustment
Vi S = E both its initial magnitude and its subsequent . . is neutralized by the frequency of updates. However,
uetal. IS 5] = . . I Field Experiment .
Q g g progress over time, impact riders’ abandonment changes of more than one minute lead to abandonment
£ M behavior in virtual queues? rates being influenced primarily by the magnitude of the
g waiting time information.
= . Comparable but contrasting effects are observed when
evaluating optimistic versus neutral waiting time
information.
e Inanunregulated pricing scenario, the price rates and
g profits of a monopolistic on-demand ride-hailing platform
st 1. “How should the on-demand ride-hailing are generally higher compared to a regulated pricing
32 platform design its pricing strategy in scenario.
E EJ competition from the traditional taxi industry e The government should promote competition between on-
5 g 2 under different pricing-regulating scenarios? demand ride-hailing services and the traditional taxi
~ =B g 2. Are there specific pricing scenarios under which Game-theoretic industry.
Zhong et al. IS g g = the government can achieve its ultimate goals? Model e Ifthe number of taxis is insufficient relative to rider
N 2 3 = 3. What measures should the government take and demand, increasing the total number of taxis is the most
E = -E howish‘ould it implement ‘such measures to effective regulatory measure. However, when taxi supply
S < maximize the overall social welfare and profit exceeds demand, the optimal regulatory approach varies
g under different pricing-regulating scenarios?” depending on the specific circumstances.
«é’ (p-2) . The government should implement relevant supervisory
- policies tailored to the current situation to enhance overall
social welfare and profitability.
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59

Afeche et al.

2023

Manufacturing & Service
Operations Management

Analytical modeling

How do two operational controls, demand-side
admission control and supply-side capacity
repositioning affect the matching performance?

Game-theoretic
Model

They offer insights into how managing demand-side
admissions and supply-side capacity repositioning impacts
equilibrium performance.

Ride-hailing platforms might strategically reject ride
requests in low-demand areas to incentivize relocations to
high-demand zones.

They present upper bounds on the benefits gained by ride-
hailing platforms and drivers due to enhanced control.

60

Agarwal et al.

2023

Manufacturing &
Service Operations

Manacement

Empirical

How do ride-hailing services affect congestion?

Difference-in-
differences

When ride-hailing services are unavailable due to driver
strikes, there is a noticeable reduction in travel time.
The most significant effects are observed in the most
congested areas during peak hours.

Ride-hailing platforms are increasingly replacing more
sustainable transportation options and are substantially
contributing to urban congestion.

61

Ai et al.

2023

Management Science

Empirical

1. What is the impact of the creation of a team
identity on individual driver revenue?

2. How do different team formations impact team
member communication and productivity?

Field Experiment

Drivers working in teams tend to put in more hours and see
a 12% increase in earnings.

This effect persists for two weeks following the contest,
though it is reduced by half.

Drivers in teams from similar hometowns are more likely
to engage in communication, while those in teams of
similar age continue to work longer hours and earn more
revenue even after the contest.

Ride-hailing platform designers can utilize team identity
and team-based contests to boost revenue and worker
engagement in the gig economy.
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. .. Monetary incentives greatly affect both the decision to
o 1. How do drivers make_ decisions about whether to engage in work and the total hours worked, aligning with
S E work and work duration? s L .
ESIR] ) . the expected positive income elasticity observed in
E g 2. How do they react to incentives? standard economic theory.
- — 3. What are the factors that shape each driver’s . T,
Q= S decision? The study supports behavioral theories like income-
I oo S 2 e ) . ) ; ;
62 Allon et al. § B % 8, 4. Are their decisions rational, or do they exhibit Econometric Model zfc:llgg 211)%hr?:rigfagv:aﬁzz)vzzg(?;Z;t?g?ﬁh};?siiﬁzzie d
2 g g i iases? y i
Q.Q = behav1oral.b1ases_.. . work persists after extended periods of work).
& E 5. How can ride-hailing platforms design . . .
s & - . . : Neglecting these behavioral aspects could result in a
£ 9 incentives to entice drivers? .
§ 8* 6. How can they meet their desired service level by staffing shortfall of up to 10.17% below the optimal level.
offering the right incentives? Ln‘?]r'tla mla}; flndlcalte a level of driver loyalty to the ride-
ailing platform.
2 The emergence of ride-hailing platforms has led to a 3%
-% - rise in fatal accidents.
5] g E There has been an increase in indicators of traffic
63 Barrios et al 3 QQ‘ 8 g= Do ride-hailing platforms impose negative safety Difference-in- congestion and new car registrations following the
' & S S g‘ externalities? differences introduction of ride-hailing services.
'g g M The authors recommend several regulatory measures for
3 ride-hailing platforms to mitigate these safety-related
- externalities.
5 g A policy that regulates both rider admission and driver
S E _%ﬂ 1. What is the impact of service differentiation on reservations can offer advantages to the ride-hailing
S g E the ride-hailing platform, riders and drivers? platform, riders, and drivers.
° 3 = 2. How can the ride-hailing platform optimall This optimal policy is defined by two admission thresholds
De Munck et ] —~ @ & B . o Y Markov Decision P poiey ¥ .
64 ; § E ué = decide whether to admit or reject riders with Prvocess that vary depending on the state of the system, specifically
’ £ £ é different waiting time, and whether to allocate the number of riders waiting in the opposing queue.
Q . . P
E 3 Té drivers to them or rather reserve drivers for more The proposed approach, known as the Admission and
}E’ E < profitable arrivals? Reservation Policy (ARP), significantly outperforms three
- simpler alternative policies.
‘QE) The pricing strategies of both ride-hailing platforms and
- g _%ﬂ taxi companies are heavily influenced by the costs of rider
g ED E inconvenience and variability in ride distances.
= g = . o . . ise i i i i
65 | Dioetal | & | £3 | £ | Howeanriderhailing platforms and axis Game-theoretic Fedecd profis o both identling: latforms and txi
: & 5% g | profitably coexist in the market?” (p.3801) Model uced p -harlng p X
g5 =3 companies. ' .
£ 8 Té Both types of firms can see advantages from implementing
2 < a distance-based unit pricing model under specific
o conditions.
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charged to drivers. Although this reduces driver income, it
can be offset by a fixed commission structure.
Environmental and social metrics generally improve (and

= g - <
2 S| E g
o . .
5 Author (s) 2 é 5 g Research Question(s) Method Insights
S
z S = =
-
Uber’s entry correlates with a notable short-term rise in
8 ‘g private new vehicle ownership, suggesting that riders
2 adjust their resource holdings to benefit from the ride-
3
n % _ hailing platform's excess rents.
m ?D g ,S “Does the entry of ride-hailing platforms yield a Difference-in This effect is specific to vehicle brands that are eligible for
- . . - - . oy
66 Gong et al. 8 g = ‘2, material short-term change in the rate of durable . use on the ride-hailing platform.
Q [SEN g . . " differences . R ..
g g 5 goods (viz., automobile) purchase?” (p.885) Smaller displacement vehicles see a more significant
ug "é increase in sales compared to larger displacement vehicles,
g8 indicating that Uber's impact varies by vehicle type.
=© The effects are more pronounced in areas with less robust
public transportation options.
_ Focusing solely on economic objectives leads to a
g significant decline in environmental and social outcomes
= across all scenarios considered.
E In many cases, substantial reductions in carbon emissions
o . can be achieved with only a minor impact on economic
o B2 T What is the optimal dispatching strategy to balance Holistic Multi- performance.
67 Guo et al. § Té § 2 the triple-bottom-line of sustainability, i.e., objective Model The most effective method for reducing carbon emissions
g ~ = economic, social and environmental perspective? and Case Study involves lowering prices or increasing the commission
2
g
[
o
2
=]
M

economic metrics mostly improve) when greater emphasis
is placed on travel time over travel distance.

119




(continued)

drivers’ intention to comply with the company
guidelines?” (p.2057)

being caught for disregarding these guidelines is relatively
low.
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A precommitment made on the less competitive side
(whether in terms of demand or supply) regarding price or
2 wage results in a less severe outcome compared to no
RS} commitment at all (i.e., competing on spot-market prices
g and wages).
& ) When the levels of competition on both sides are nearly
S = = equal, committing to commission rates—where platforms
= g 3 “What is the impact of precommitments in a first compete to set these rates before setting prices—tends
. Q o o variety of practically motivated instruments on the ame-theoretic to be less profitable than not making any precommitments.
68 Hu & Liu Q 38 E f practically motivated inst ts on th Game-theoret be less profitable th king any p
& & g 8 equilibrium outcomes of competing ride-hailing Model The opposite holds true when competition levels are not
= § > platforms?” (p.704) closely aligned.
g 5 The capacity precommitment strategy, where ride-hailing
g platforms first commit to a certain matching capacity and
2 then simultaneously set prices and wages within the
§ constraints of that pre-committed capacity, produces the
most profitable results among all competition approaches
and extends the Kreps-Scheinkman equivalency to two-
sided markets (assuming no demand uncertainty).
wva
=)
S
E§
Q= . o . A
B . e . . . ‘When ride-hailing drivers adhere to company guidelines
O & 1. “How do ride-hailing company drivers’ intention . . & . pany gu ?
5 8 . i their operational performance improves.
° g = to comply with the company guidelines affect . . . o . .
- = S . . Drivers perceive that ride-hailing companies have effective
Q £ = g their operation performance? . . R S
69 Idug et al. S g g & 2. What factors impact ride-hailing company Survey penalties to discourage guideline violations.
=2 g E ' Despite this, drivers also believe that the likelihood of
EE
SE
5~
=]
2
S
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rides be updated if automated vehicles and other
automotive technologies reduce the cost of

platform and cities by reducing overall vehicle miles
traveled.
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-
1. “Do operational effectiveness indicators
5 translate to value for the ride-hailing platform in . .
S . S Feedback that focuses on specific goals enhances various
o the form of higher resource availability of onerational effectivencss metrics
) drivers? perat ’ S
= — 2 Joi P s These improvements lead to better resource availability on
2 < . Jointly governing rider and driver interests, what R o .. .
- 9] S . . . . . the ride-hailing platform, resulting in more driver referrals
.. 3 K= k= is the quantified operational effectiveness which . . g
70 Lahiri et al. IS 7 = X . . Field Experiment and reduced driver turnover.
o & £ pde—halhng platforn.ls can derive from a change Ride-hailing platforms can boost their operational
“ = in feedback mechanism? fFici d Lability b bini |
= 3. How do perceived organizational justice ¢ _1c1erg:¥ arclib re]iouftche a\;lal a.lb; 1ty by combning gtoa ) £
g elements moderate the link between the ride- gﬂente eedback with a flexible commission structure for
2 hailing platform’s feedback mechanism and the TIVErs.
operational effectiveness measures?” (p.2)
They identify two key effects related to surge pricing: the
proximal capacity effect, which refers to how driver
. . . .. availability in nearby areas influences pricing in a focal
2 1. “What is the relationship between surge pricing v y oy 'S i pricing
8 d ity decisions distributed zone, and the proximal pricing effect, which involves how
= g and capacity decisions distributed actoss space current prices in adjacent zones affect the pricing in the
5 2 5 and time in a two-sided ride-hailing platform focal zone
o <8 . .
g context? . . S . .
1 L 1. g a| & iy I E Model
7 eeeta S S 2 E_ 2. Under what conditions do spatially distributed conometric Mode Thelr ﬁndlngs' indicate that both .the.pr0x1mal capacity and
=3 M service design pricing strategies align profit pr oximal preing effects have a s_1gn1ﬁc_ant e_lnd
g = A .o - simultaneous impact on surge price estimation when
5 maximization and welfare maximization goals? demand is substantial
= (p-743) anc 18 substantia - o
Spatial proximity plays a crucial role in determining price
distribution, especially when service demand is notably
high.
" 1. “Can ride-hailing companies price individual
5 and pooled rides in a way that maximizes
gL revenue while also encouraging riders to choose ‘When driving costs decrease, the ride-hailing platform
8 = — pooling to reduce vehicle miles traveled and . L . oL
88 = . . gains from widening the price gap between individual and
Naumov & . o E S hence the environmental footprint of urban ooled rides
72 Iu(eit}\ll § = % 8, transportation? Choice Model lq_hA L h benefits both the ride-haili
g 8 5 2. How should prices for individual and pooled 1S pricing approach benefits both the ride-harling
S
=
-

providing ride-hailing trips in the coming
years?” (p.905)
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'% o 5] 0 The proposed BPC algorithm is capable of solving
73 Wane cf al Q 5 % ‘2 75 | Whatis the exact method to solve the first-mile Set-partitionin optimality-modified Solomon benchmark instances with up
g ’ 5 2‘ g T'g 'é ride-hailing problem? P & to 100 riders, as well as real-world instances with up to 290
s < riders.
h
As prices rise, demand initially increases because the
perceived convenience for riders outweighs the price but

- ) eventually decreases as the price effect surpasses the

5 = 1. “What is the conflict between the financial convenience, leading to a "backward-bending" demand

§ 3 objective of the sharing economy firm and the curve.

74 Zene & He Q A E welfare of the affected community (i.e., all Game-theoretic The financial goals of sharing economy firms do not
& & E 3 riders and all individual suppliers)? Model always align with the well-being of the communities they

4 > 2. How can we mitigate such conflict with impact.

A g regulatory interventions?” (p.515) Regulating the sharing economy by setting upper limits on
price surges can help reconcile the financial interests of the
sharing economy firm with the welfare of the affected
community.

Computational results demonstrate that this algorithm
surpasses state-of-the-art benchmarks, delivering

8 & significantly better solutions in shorter computational times

§ = and supporting real-time operations in very large-scale

A 2 How can scalable algorithms be developed to systems.

75 Zhane et al 9 % E support dial-a-ride routing with capacitated Multiple Stop Practically, the primary benefits of vehicle-rider
& ’ & g 3 vehicles, time windows, and vehicle—rider Optimization coordination come from thoroughly reoptimizing

e > coordination? "upstream" operations rather than just adjusting

g g "downstream" stopping locations.

= < Vehicle-rider coordination results in mutually beneficial
outcomes: increased profits, improved rider service, and a
reduced environmental footprint.

G . Riders’ preferences for green practices and subsidies are
° 38 o0 1. “What are the effects of riders’ green preference p green pra
= E £ . . - more advantageous for ride-hailing platforms that operate
£ 5 < and subsidy preference on the optimal decisions thei hicles (NEV dto th
e < b P . o eir own new energy vehicles ( s) compared to those
28 3 and competitive equilibrium of ride-hailing h franchised model with dri d vehicl
- =8 g platforms? Game-theoretic that use a franchised model with driver-owned vehicles.
76 Zhao et al. 8 Er = L I An increase in total government investment in subsidies
Q 5 3] 2. In the competitive equilibrium state, how should Model . . L . .
2= = . . - will lower both the optimal riding price and the fleet size
=it > the government decide the optimal subsidy, and . e
g3 = L. for both types of ride-hailing platforms.
53 Z what would happen to the decisions of the two Riders’ green preferences and government subsidies will
E& < platforms?” (p.2) green p g

both support the objective of achieving a carbon peak.
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71

Arora et al.

2024

Manufacturing & Service
Operations Management

Empirical

“How can the government reduce the number of
on-demand cabs on the road and, therefore, their
GHG emissions by promoting pooled

transportation such as shuttle services?” (p.594)

Choice Model

Reducing walking distance by 20% can capture 40% of the
benefits typically associated with congestion surcharge
policies. It can also cut up to 4.8 thousand tonnes of
greenhouse gas emissions, translating to savings of over a
million dollars annually.

The government can implement policies to reduce walking
distances by adding additional stops to existing shuttle
routes.

By adjusting operational factors like service features in
pooled transportation, cities can achieve significant
congestion reduction benefits at essentially no cost, making
green transport policies much more efficient compared to
congestion surcharge approaches.

78

Fan et al.

2024

European Journal of
Operational Research

Hybrid

What is the optimal fleet size of conventional taxis
and automated taxis, which leads to the maximum
profit of a ride-hailing platform at each stage of a
mixed automated and non-automated driving
network with the expansion of Avs-only zones?

Choice Model and
Secondary Data
Collection

As the AVs-only zone expands, the fleet size of automated
taxis grows in a nonlinear manner, while the fleet size of
conventional taxis declines as demand shifts from human-
driven to automated vehicles.

Decisions regarding fleet size are significantly influenced
by the cost structure of the fleet, the locations, and the
distribution of parking depots.

Initially, the presence of an AVs-only zone may cause
detours for human-driven vehicles, but as the zone's size
increases, it offers substantial benefits by alleviating
congestion.

79

Haferkamp et
al.

2024

Transportation Science

Analytical modeling

How do repositioning heatmaps impact driver
availability, cancellation rate, and drivers’ earning
opportunities?

Stochastic Dynamic
Programming

Well-designed repositioning heatmaps can significantly cut
down on service cancellations, thereby reducing revenue
loss for both the ride-hailing platform and drivers.
Sharing heatmaps with drivers enhances their average
earnings and stabilizes income fluctuations across the
driver pool.

These heatmaps contribute to a more equitable and
efficient distribution of service coverage throughout the
city.

Offering repositioning heatmaps to new and less
experienced drivers can simplify their integration into the
system and create a more even playing field.
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To address surges in demand and supply shortages in a
particular area, the ride-hailing platform can implement
« . . surge pricing or offer bonus incentives in neighboring
L HOW doe_s thefrlde-h}zlnhng platfgrtr}rll set the regions before demand peaks, helping to balance supply
service prices for each region and the cross- and demand.
) rgagrios?l;neeaii}.l:ﬁeﬂgfd bonus incentive balance Surge pricing is advantageous for the ride-hailing platform
& ’ the sup ;;gly zn d t};ge demand. and benefit the ride when experiencing significant surge demand or when
= ; > . -regional is minimal.
2 hailing platform? What are the impacts of the crossregiona 1(31emand 1snr;111mma ffecti £
iy = cross-regional demand on the performances of . Cross-regional demand enhances the effectiveness o
80 Hu et al & & E the two strategics? Game-theoretic bonus incentives but diminishes the effectiveness of surge
’ & £ S . gles . Model pricing.
o = 3. Which strategy is better, from the perspective of . e . . .
> the ride-hailing platform profit and the social The ride-hailing platform favors using bonus incentives
5 welfare? over surge pricing when only a few drivers are needed to
4. Under information asymmetry, will the ride- reloc.ate.. . . . .
hailing platform share real information? How Sharing information with drivers can also promote their
does surge pricing affect the credibility of relocation, though its impact is limited, and only a certain
shared information?” (p.2) proportion of drivers will move.
There is a risk that the ride-hailing platform might share
misleading information, leading drivers to doubt the
reliability of the information provided.
Tg o The Contingency Capacity Policy, which prioritizes self-
'*% > g schedulers in demand allocation, is the most benevolent of
5 -2 g the three policies and achieves optimal profits for asset-
23 o . ahaili . e
. & Ca & What is the optimal preferential policy for ride- Linear light ride-hailing platforms (those with fewer full-time
81 | Krishnaprasad IS L5 = o . i o . employees).
Q s 2 S hailing platforms with dual capacities? Programming . . .
5 8 =4 Managers of asset-light ride-hailing platforms can
= & = capitalize on the altruistic aspect of this policy to attract
g A é more self-schedulers, thereby gaining a substantial
2 competitive edge.
1. How do we estimate the congestion effect Adding 100 ride-hailing pick-ups or drop-offs in a region
_§ caused by ride-hailing pick-ups/drop-offs from Double and could decrease traffic speed by 3.70 mph on weekdays and
< é § ] observed traffic data? Separated Machine 4.54 mph on weekends.
82 Liu et al. § 8.8 2 2. How do we manage ride-hailing pick-ups/drop- Learning and Redirecting trips involving ride-hailing pick-ups or drop-
é @ = offs to minimize the citywide total travel time Secondary Data offs from curb space could lower the overall system-wide
& based on the differences in heterogeneous Collection travel time by 2.44% in Midtown and 2.12% in Central

congestion effects among regions?

Park on weekdays.
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O =
2 g
z 2 2 “How should one incorporate multiple objectives, . . . Lo
2 g = . S  incorp P ) They provide a compromise solution to the multi-objective
o 2 including ride-hailing platform revenue, pick-up . N
Q E 2 i d rid : lity. in the desi £th stochastic optimization problem.
< o 5 2 ime, and ride service quality, in the design of the Multi-objective Under specific conditions, their proposed compromise
83 Lyu et al. g g = = dispatch algorithm to minimizes the £,,-norm— I-objee Specilt > prop mip ;
Q s w S . . . Optimization matching policy offers better outcomes for riders, drivers,
£ 5 B= based distance function between the attained > 7. .
Q.2 = . " and the ride-hailing platform compared to other widely
€8 s performance metrics and the target performances? used matchine policics
E3 | & | (p.502) Ep '
S O
With the enforcement of privacy regulations, ride-hailing
. latforms are more likely to adopt partial-coverage pricin
1. “How do the pricing strategy and the collected p . Y ptp gep &
) . . ; e strategies rather than full-coverage ones.
g information volume of the ride-hailing platform .. - . .
= . . . ; When advertising does not significantly disturb riders,
2 change with the implementation of privacy . . . L . .
< 3 PSP privacy regulations shift the decision-making authority
< 5y 2 regulations? . T e . . o
. S & . . S, Game-theoretic regarding information from the ride-hailing platform to the
84 Nie et al. IS g = . How does privacy regulation affect riders . . . . . .
Q 3 8 surplus. drivers’ mcome. and the ride-hailin Model riders, leveraging their self-interest to mitigate the negative
> DS, s ’ J effects of information collection.
= platforms’ profits? Effecti . lati h inf i it
é . Under what conditions should privacy b cctive (p;rlvac})lf rigu aflonfen ar]l(ce;ls 113 ormgéon szc_un y
regulations be enforced?” (p.2) ut can reduce the benefits for stakeholders (riders, drivers,
and platforms). Thus, privacy regulation involves a trade-
off between economic benefits and information security.
g Since the introduction of ride-hailing services, there has
< g been a significant reduction in hate crimes, including a
= go _ 5.75% decrease in racial hate crimes.
= =1 [+ . . . . . . . - . . . .
. S S § = What is the impact of ride-hailing services on hate Difference-in- _The most p lau51bl.e explanation ‘for this decline 18 t_he
85 Qiu et al. o 5 ‘& . . increased interaction between diverse groups facilitated by
Q S g crimes? differences . o .
g g s ride-hailing services.
& .‘é These services foster positive environments and
8 interactions that promote mutual understanding among
o

different groups.
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(continued)

. g = | 5
2 2 = g g
g Author (s) 2 3 5 = Research Question(s) Method Insights
E =7 3 &
=
& <«
They achieve precise performance assessments and derive
5 ) a clear optimality condition, leading to the proposal of a
5 = policy that adjusts to fluctuating demand.
6 2 As the policy becomes increasingly aggressive (i.e., by
36 Wang et al. ér ’f) E What is the optimal supply-demand matching Fluid Model enlarging the matching radius to accelerate the process),
(a) Q _5 3 considering abandonment and cancellations? the number of matches rises. This results in fewer idle
s > drivers and waiting riders (and, thus, fewer abandonments).
g g However, this approach compromises match quality
© < (measured by pickup distance), leading to more
cancellations.
E~ v . .y .
o ¢ -
= é _%ﬂ L HOW should the rl(.k? hailing platform adjust The ride-hailing platform's pricing strategies and service
£ 5 < price and wage decisions based on market " haned by both d deside and lv-sid
= < o . . o argets are shaped by both demand-side and supply-side
° 3 ] conditions under different service modes? factors. The choice between a deterministic or probabilistic
Wang et al. S - @ g 2. Which kind of ride-hailing mode should be Linear ) o orp .
87 IS S o = .. . approach depends on the riders' base valuation level and its
(b) Q g3 3 recommended under what conditions? Programming variabilit
£ 5 > 3. How will the ride-hailing platform choose A .
g5 s pricing strategics to adapt to a diverse market Adding a bundled option does not always lead to an
572 . . o ,
EL < environment under Hybrid mode?” (p.3) increase in the ride-hailing platform’s profit.
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Numerical Analysis

Appendix B.

Table 3-A-1.Sensitivity analysis with respect to the proportion of drivers in Zone A with ¢ = 0.3

(Data corresponds to Figure 3-1)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
5 5 5 5 5 5 5
g g 5 g = kS = kS = kS =t g E g =
3.0 e, | 3. % | 5. % | 5. % O|E.| % O|3.| % |3.| % |3.| %
=) 5 8 g 5 =) S 5 £ ) £ ) g RS £ s 5 £ s 5 g
EE| 2% | E % o £ g o £ g ° £ g ° £ g o £ g ° £ g °
o= = = 0 = en = &n = &n - en = &n = &n
@ £ =] £°5 = £°5 & £°5 & £°5 & £°5 & £°5 & £°5 &
52| EZ RS 2 R 2 ER=| @ 58 @ 58 2 RS 2 3£ 2
E% 2 & E% = Es = E% = E% = E% = ES = ES =
g © g £ g £ g £ g £ g E ] E g £
= = 2, = g, = g, = g, = g, = B, = g,
[©) o o ) o o [©)
0.45 1.923 1 1.923 1 1755 1 1755 1 1.498 1 1.498 1 1.494 1 1.494
05 1 2.075 1 2.075 1 1755 1 1755 1 1.567 1 1.567 1 1.494 1 1.494
055 1 2211 1 2211 1 1.755 1 1.755 1 1.647 1 1.647 1 1.494 1 1.494
0.6 1 2335 1 2335 1 1.755 1 1.755 1 1.756 1 1.756 1 1.494 1 1.494
0.65 1 2.447 1 2.447 1 1.755 1 1.755 1 1.864 1 1.864 1 1.494 1 1.494
07 1 2549 1 2.549 1 1.755 1 1.755 1 1.970 1 1.970 1 1.494 1 1.494
0.75 1 2.643 1 2.643 1 1.755 1 1.755 1 2,072 1 2072 1 1.494 1 1.494
0.8 1 2729 1 2729 1 1.755 1 1.755 1 2.170 1 2.170 1 1.494 1 1.494
0.85 1 2.809 1 2.809 1 1755 1 1755 1 2262 1 2262 1 1.494 1 1.494
0.9 1 2.882 1 2.882 1 1755 1 1755 1 2348 1 2348 1 1.494 1 1.494
0.95 1 2951 1 2951 1 1755 1 1755 1 2427 1 2427 1 1.494 1 1.494
0.99 1 3.002 1 3.002 1 1755 1 1755 1 2.483 1 2483 1 1.494 1 1.494
p=04 c=03 n=12 p =081 6 =0.75 n =100 Mpmax = 5 Z= A=1
Table 3-A-2. Sensitivity analysis with respect to the proportion of drivers in Zone A with ¢ = 0.01
(Data corresponds to Figure 3-2)
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
5 5 5 5 5 5 5
£ £ £ 2 2 | 2 = 2 = 2 s | £ = 2 =
s 5 58 =R} £ s 5 £ ISR) g ) g ) £ T 5 £ T 5 g
Eg| 2= | E2 h E g o £ g o £ g o - o g2 o £ g o
a 5| E= £5 2 £S5 = £°5 2 £°5 2 £°5 = £5 = £8 2
2 E £3 35 2 385 2 ] 2 3 2 3 2 ER=] 2 35 -
E%| &E E% = E® = ES = ES = ES = Es = Es =
g © g E g E g £ g £ g E 5 £ 5 £
p = £ = E = g = = = I = £ > =
Q Q =] =] Q Q Q
045 1.023 1 1.023 1 1.555 1 1.555 1.282 1 1.282 1 1.494 1 1.494
05 1 1.075 1 1.075 1 1.555 1 1.555 1 1.375 1 1.375 1 1.494 1 1.494
0.55 1 1.211 1 1.211 1 1.555 1 1.555 1 1.472 1 1.472 1 1.494 1 1.494
0.6 1 1.335 1 1.335 1 1.555 1 1.555 1 1.564 1 1.564 1 1.494 1 1.494
0.65 1 1.447 1 1.447 1 1.555 1 1.555 1 1.644 1 1.644 1 1.494 1 1.494
0.7 1 1.449 1 1.449 1 1.555 1 1.555 1 1.801 1 1.801 1 1.494 1 1.494
0.75 1 1.449 1 1.449 1 1.555 1 1.555 1 1.985 1 1.985 1 1.494 1 1.494
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0.8 1 1.449 1 1.449 1 1.555 1 1.555 1 2.107 1 2.107 1 1.494 1 1.494
0.85 1 1.494 1 1.494 1 1.555 1 1.555 1 2.235 1 2.235 1 1.494 1 1.494
0.9 1 1.494 1 1.494 1 1.555 1 1.555 1 2.348 1 2.348 1 1.494 1 1.494
0.95 1 1.494 1 1.494 1 1.555 1 1.555 1 2.476 1 2.476 1 1.494 1 1.494
0.99 1 1.494 1 1.494 1 1.555 1 1.555 1 2.483 1 2.483 1 1.494 1 1.494
p=04 c=0.01 n=12 p =081 6 =0.75 n =100 Mpax =5 Z= A
Table 3-A-3. Sensitivity analysis with respect to the proportion of ride requests in Zone A
(Data corresponds to Figure 3-3)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

5 5 8 8 5 5 5

2 2 = 2 = 2 = 2 = 2 = 2 = 2 =

5 % 5 3 5 3 5 3 5 3 5 3 5 3 5 3

sS85 5.8 =R ] 5% £ 5B g 5B g 5B g 58 g 58 £

ES| 2% g £ o E g o g £ ° g £ ° g £ o E £ ° E £ o

P £°5 g = g5 = £°35 = £°5 =4 g5 2 g5 2 £°5 = £°5 2
S| EZ 5 e Z £ 2 EES 2 ER= 2 ER= H EE=S) 2 2E Z

ES| EE | ES z £S z Bk z ES z ES z ES z ES z

g © g k| g £ g £ g £ g £ g £ g k|

= = £ = 2 = =4 = =4 = = = £ s =

Q Q [©] Q Q o Q
0.95 1 0 1 0 1 0 1 0 0.499 1 0.499 1 0.506 1 0.506
0.9 1 0 1 0 1 0 1 0 1 0.487 1 0.487 1 0.506 1 0.506
0.85 1 0 1 0 1 0 1 0 1 0.455 1 0.455 1 0.506 1 0.506
0.8 1 0 1 0 | 0.003 | 0.003 1 0.422 1 0422 1 0.506 1 0.506
0.75 1 0 1 0 | 0.040 | 0.040 1 0.389 | 0389 1 0.506 1 0.506
07 1 0.013 I 0.013 1 0.081 1 0.081 I 0355 1 0355 1 0.506 1 0.506
0.65 1 0.040 I 0.040 1 0.124 1 0.124 I 0.320 1 0320 I 0.506 I 0.506
0.6 1 0.069 I 0.069 1 0.172 1 0.172 I 0.286 1 0.286 I 0.506 I 0.506
0.55 1 0.099 I 0.099 1 0223 1 0223 I 0.250 1 0250 I 0.506 I 0.506
0.5 1 0.131 1 0.131 1 0.279 1 0.279 1 0.214 1 0.214 1 0.506 1 0.506
0.45 1 0.165 1 0.165 1 0.341 1 0.341 1 0.176 1 0.176 1 0.506 1 0.506
0.35 1 0.201 1 0.201 1 0.409 1 0.409 1 0.138 1 0.138 1 0.506 1 0.506
0.3 1 0.239 1 0.239 1 0.484 1 0.484 1 0.099 1 0.099 1 0.506 1 0.506
0.25 1 0.279 1 0.279 1 0.567 1 0.567 1 0.090 1 0.090 1 0.506 1 0.506
0.2 1 2212 1 2212 1 2.159 1 2.159 1 1.094 1 1.094 1 1.494 1 1.494
0.15 1 2.532 1 2.532 1 2.333 1 2.333 1 1.056 1 1.056 1 1.494 1 1.494
0.1 1 2.921 1 2.921 1 2.532 1 2.532 1 1.025 1 1.025 1 1.494 1 1.494
0.05 1 3.408 1 3.408 1 2.762 1 2.762 1 1.011 1 1.011 1 1.494 1 1.494
0.01 1 3.893 1 3.893 1 2.974 1 2.974 1 1.001 1 1.001 1 1.494 1 1.494

a=02 | ¢c=03 | =069 | p=081 | =075 | n=100 | My =5 | Z=2 | A=

Table 3-A-4. Sensitivity analysis with respect to the average ride distance in Zone B relative to Zone A

(Data corresponds to Figure 3-4)
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Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

. 5 ] 5 5 5 5 B

g g e £z = & e & = k- = g = g =

5 %, | 5 = 5 E 5 E 5 3 5 E 5 E 5 =

oy 55 3% g R g 5 El =l g =l E RS E =B £

E2| 25 | E2 o g2 o £2 o £2 o £2 o £ g o £ g o

1 £35 g £3 2 £35 £ £5 g g3 g g3 2 £°3 2 G £
] E3 ER= 2 ER] S R z 3 E F 3 E 2 3= 2 ERs] E

E® 2E E® = Es = ES = ES = ES = Es = Es =

g © g E g £ g £ g £ g £ g £ g £

= = £ = = = £, = £, s £ s ! s g

[©) o ) [©) o o [©)

0.1 1 1.616 1 5 1 1.079 1 5 0.877 1 5 1 0.747 1 5
1 1 1.616 1 3233 1 1.079 1 2.159 1 0.877 1 1.755 1 0.747 1 1.494
15 1 1.616 1 2.155 1 1.079 1 1.439 1 0.877 1 1.170 1 0.747 1 0.996
2 1 1.616 1 1.616 1 1.079 1 1.079 1 0.877 1 0.877 1 0.747 1 0.747
25 1 1.616 1 1.293 1 1.079 1 0.863 1 0.877 1 0.702 1 0.747 1 0.598
35 1 1.616 1 0.924 1 1.079 1 0.617 1 0.877 1 0.501 1 0.747 1 0.427
39 1 1.616 1 0.829 1 1.079 1 0553 1 0.877 1 0450 1 0.747 1 0383

a=09 p=02 c=03 n = 0.669 p=0381 6 =0.75 n =100 Mpax = 5 Z=4
Table 3-A-5. Sensitivity analysis with respect to supply-demand imbalance
(Data corresponds to Figure 3-5)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

5 5 5 5 5 5 5

g g = | = | |2 & g s | 2 e | £ i

5. 8. |3 2 |3 2 |3 g |3 S 13, £ |3 s |3 E

22 5 Ry g Ely g Ry g R E 58| E Ry E ER g

gzl 2 E g o E g o E g o £ g s Eg| o £ g o g2 s

a lp—al £3| E £3 2 £3 2 £3 2 g5 = £ 2 g5 2 £ £
S| E R 3 ER 7 ER] 2 3= 2 2= 2 2 2 ERs] E

ES| £ | ES| < | ES| < | ES| £ | ES| < | EB| £ | EB| = | E3| =

g © g £ g £ g £ g £ g £ g £ g £

= = 2 = 2 = | = 2 = 2 = 2 = |

[©] [©] [©] Q Q o Q
02 0 1 1.753 1 1.753 1 3.014 1 3.014 1.092 1 1.092 1 1.494 1 1.494
025 0.05 1 1.010 1 1.010 1 2.159 1 2.159 1 1.092 1 1.092 1 1.494 1 1.494
03 0.1 1 1.091 1 1.091 1 2.159 1 2.159 1 1.124 1 1.124 1 1.494 1 1.494
035 0.15 1 1.387 1 1.387 1 2.159 1 2.159 1 1.162 1 1.162 1 1.494 1 1.494
0.4 02 1 1.972 1 1.972 1 2.159 1 2.159 1 1.469 1 1.469 1 1.494 1 1.494
0.45 0.25 1 2053 1 2,053 1 2.159 1 2.159 1 1525 1 1.525 1 1.494 1 1.494
05 03 1 2.156 1 2.156 1 2.159 1 2.159 1 1.576 1 1.576 1 1.494 1 1.494
0.55 035 1 2.484 1 2.484 1 2.159 1 2.159 1 1.622 1 1.622 1 1.494 1 1.494
0.6 0.4 1| 2691 1 2.691 1 2.159 1 2.159 1 1.664 1 1.664 1 1.494 1 1.494
0.65 045 1| 2989 1 2.989 1 2.159 1 2.159 1 1.700 1 1.700 1 1.494 1 1.494
07 0.5 1 3.049 1 3.049 1 2.159 1 2.159 1 1.731 1 1.731 1 1.494 1 1.494
0.75 0.55 1 3.102 1 3.102 1 2.159 1 2.159 1 1.753 1 1.753 1 1.494 1 1.494
0.8 0.6 1 3.150 1 3.150 1 2.159 1 2.159 1 1.827 1 1.827 1 1.494 1 1.494
0.85 0.65 1 3.194 1 3.194 1 2.159 1 2.159 1 1.906 1 1.906 1 1.494 1 1.494
0.9 0.7 1 3233 1 3233 1 2.159 1 2159 1 1.997 1 1.997 1 1.494 1 1.494
0.95 0.75 1 3.268 1 3.268 1 2.159 1 2.159 1 2.127 1 2.127 1 1.494 1 1.494
0.99 0.79 1 3.295 1 3.295 1 2.159 1 2159 1 2.146 1 2.146 1 1.494 1 1.494

p=0.2 c=0.3 n=12 p=0.81 6 =0.75 n =100 Mpax =5 Z =2
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Table 3-A-6. Sensitivity analysis with respect to the cost of driver relocation with p = 0.4 and « = 0.95

(Data corresponds to Figure 3-6(a))

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

. 5 5 5 5 5 5 8

g 2 ) 2 ) g £ g & g & g ) E )

£ 2 g2 S E S £ 2 S £z S £ 2 S £ 2 S g2| 3

c £5 £ 2 £5 2 £35 2 £5 2 £3 2 £5 =] 25 ]
S = 2 e z e z 3 7 3 E z 3= z S E z 3 z

E® ES = ES = Es = ES = Es = Es = ES =

g g E g E g E g E g E g E g E

= = 2 = 2 = g, = g, = g, = 2 = 2

o o o o o o o
0.01 1 1.757 1 1.757 1 1.071 1 1.071 1 1.506 1 1.506 1 1.016 1 1.016
0.05 1 1.888 1 1.888 1 1.098 1 1.098 1 1.604 1 1.604 1 1.082 1 1.082
0.1 1 2.052 1 2.052 1 1.180 1 1.180 1 1.726 1 1.726 1 1.165 1 1.165
0.15 1 2215 1 2215 1 1.248 1 1.248 1 1.848 1 1.848 1 1.247 1 1.247
0.2 1 2.379 1 2.379 1 1.374 1 1.374 1 1.970 1 1.970 1 1.329 1 1.329
0.25 1 2.542 1 2.542 1 1.506 1 1.506 1 2.093 1 2.093 1 1.412 1 1.412
0.3 1 2.706 1 2.706 1 1.639 1 1.639 1 2215 1 2215 1 1.494 1 1.494
0.35 1 2.870 1 2.870 1 1.771 1 1.771 1 2.337 1 2.337 1 1.576 1 1.576
0.4 1 3.033 1 3.033 1 1.903 1 1.903 1 2.459 1 2.459 1 1.658 1 1.658
0.45 1 3.197 1 3.197 1 2.035 1 2.035 1 2.581 1 2.581 1 1.741 1 1.741
0.5 1 3.361 1 3.361 1 2.168 1 2.168 1 2.703 1 2.703 1 1.823 1 1.823
0.55 1 3.524 1 3.524 1 2.300 1 2.300 1 2.826 1 2.826 1 1.905 1 1.905
0.6 1 3.688 1 3.688 1 2.432 1 2432 1 2.949 1 2.949 1 1.988 1 1.988

p =081 6 =0.75 n = 0.699 n =100 Mpmax = 5 Z=2 A=1
Table 3-A-7. Sensitivity analysis with respect to the cost of driver relocation with p = 0.95 and « = 0.4
(Data corresponds to Figure 3-6(b))

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8

. 5 5 5 5 5 5 5

g g ) g e | 2 ) 2 ) 2 E 2 £ g )

5 5. | 3 s | 2 s | 2 2 | 3 s | 3 2 5 Z |3 E

g% 558 =B g 3% g 3% E 3 g 3 g 3% E =B g

EE| 2% E 5 ° E g ° E g ° £ g o £ g o £ g ° E 5 °

c ES g= ES 2 ES 2 ES 2 ES 2 ES 2 EB 2 ES 2

5= E3 ER 2 S e 2 = z 3 2 3 2 Ep= 2 ERs] 2

Es 2 E ES = ES = ES = ES = ES = ES = ES =

g o E £ E £ E £ g £ g £ g £ g £

= = = = = = E, = B = B = 2 = g,

o o S S S [ S

0.01 1 0391 1 0391 1 0.498 1 0.498 1 0.996 1 0.996 1 0.984 1 0.984
0.05 1 0.323 1 0.323 1 0.430 1 0.430 1 0.978 1 0.978 1 0918 1 0.918
0.1 1 0.238 1 0.238 1 0.345 1 0.345 1 0.952 1 0.952 1 0.835 1 0.835
0.15 1 0.154 1 0.154 1 0.260 1 0.260 1 0.855 1 0.855 1 0.753 1 0.753
0.2 1 0.069 1 0.069 1 0.175 1 0.175 1 0.759 1 0.759 1 0.671 1 0.671
0.25 0.97 0 0.97 0 0.98 0 0.98 0 1 0.662 1 0.662 1 0.588 1 0.588
0.3 0.81 0 0.81 0 0.85 0 0.85 0 1 0.566 1 0.566 1 0.506 1 0.506
0.35 0.65 0 0.65 0 0.72 0 0.72 0 1 0.469 1 0.469 1 0.424 1 0.424
0.4 0.51 0 0.51 0 0.59 0 0.59 0 1 0.372 1 0.372 1 0.342 1 0.342

130




0.45 045 2.081 0.45 2.081 0.46 0 0.46 0 1 0.276 1 0.276 0.259 1 0.259
0.5 0.45 2.201 0.45 2.201 0.45 2.525 0.45 2.525 1 0.179 1 0.179 0.177 1 0.177
0.55 0.45 2.321 0.45 2321 0.45 2.657 0.45 2.657 1 0.100 1 0.100 0.095 1 0.095
0.6 0.45 2.441 0.45 2.441 0.45 2.789 0.45 2.789 1 0.013 1 0.013 0.012 1 0.012
p =081 =075 | =0699 | n=100 | Mmpg, =5 | Z=2 | A=1
Table 3-A-8. Sensitivity analysis with respect to drivers’ aversion toward regret
(Data corresponds to Figure 3-7)
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
. 5 5 5 5 5 5 5
g g g | £ ) g |2 |2 s | £ g | £ )
z % - Z |3 2 | 5 2 |4 2 | 4 Z |3 £ | 5 2
= ERS = g = E =B g =B g = g = E =B g
£ 2 22 | €2 s g o £ g s Eg| = Eg| o g2 o E2| o
n £S5 ] £5 2 £5 2 5 =4 £8 = £ = g8 = £5 =
SE | E2 | 22| 2 | ZE| 2 | EE | 2 | EE| 2 | 2| 2 | Z€| Z | 2€| Z
E3 2E | ES| 2 ES| Z ES z ES| 2 Es| Z ES| 2 ES| Z
g ° g £ g £ g £ ] £ ] £ g £ ] £
= = = = b= = b= = b= = = = b= = 2
o o o o o o o
0.00001 1 2228 1 2228 1 1.420 1 1.420 1 1.849 1 1.849 1 1.494 1 1.494
0.0001 1 2228 1 2228 1 1.420 1 1.420 1 1.849 1 1.849 1 1.494 1 1.494
0.001 1 2229 1 2229 1 1.420 1 1.420 1 1.850 1 1.850 1 1.494 1 1.494
0.01 1 2234 1 2.234 1 1.423 1 1.423 1 1.853 1 1.853 1 1.494 1 1.494
0.1 1 2.286 1 2.286 1 1.456 1 1.456 1 1.884 1 1.884 1 1.494 1 1.494
1 1 2.727 1 2.727 1 1.712 1 1.712 1 2.195 1 2.195 1 1.494 1 1.494
10 1 4.274 1 4.274 1 2.394 1 2.394 1 4.901 1 4.901 1 1.494 1 1.494
100 1 5 1 5 1 2.690 1 2.690 1 5 1 5 1 1.494 1 1.494
a=085| p=04 | ¢c=03 p=0.81 6 =0.75 n =100 Mypax = 5 Z=2 A=1
Table 3-A-9. Optimal surge multiplier when maximizing profit vs. matching efficiency
(Data corresponds to Figure 3-8)
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
> > > > > > > >
[=3N3) £ O = = 9O = [=3) =] = 0 = = 90 = [=3) = f=3) =
£2 | EE| E2 | £EE| £2 | £5 | £2 | £E5 | £E2 | £5 | E2 | £E5 | £2 | £&5 | £2 | £=
m ES | EE| 25 | 28| E3 E ES EE | B3 ER- E5 | 22| ES E2 | B3 ER
max | 52 | 0S| 2% | g 5| g% o 8 o o 8 o & o 8 s& | o8 o o 8 o £ o8
pE | WE)| @E pE| E @ E @ E @ E g 8 o E g 8 o E @8 o E 8 2 E
S en 52 3 o0 52 3 en S 2 S en S 2 S oo =i S oo =i S en =i 3 en =g
2| BE| 32| BFE| 2¢ R I 7% EE El EE El i El R El
=5 | sE| s5 | 58| =38 5 B 55 S8 | 28 5 E S8 | EE | EE | EE | E§ | EF
£E | E £E8 | £ EE E EE £ EE £ EE £ £ £ EE £
S | & g | & | &g | & g | & g | & gz | & Sg | & g8 | &
100 2.809 100 2.809 100 1.755 100 1.755 100 2.262 100 2.262 100 1.494 98.764 1.494 98.764
50 2.809 50 2.809 50 1.755 50 1.755 50 2.262 49.068 2.262 49.068 1.494 46.467 1.494 46.467
25 | 2809 | 25 | 2809 | 25 | 1755 | 23366 | 1755 | 23366 | 2262 | 21.068 | 2262 | 21.068 | 1.494 | 15199 | 1494 | 15199
15 2.809 15 2.809 15 1.755 13.908 1.755 13.908 2.262 14.088 2.262 14.088 1.494 10.579 1.494 10.579
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10 2.809 10 2.809 10 1.755 8.326 1.755 8.326 2.262 7.424 2262 7.424 1.494 6.554

1.494

6.554

5 2.809 5 2.809 5 1.755 3.850 1.755 3.850 2.262 5 2.262 5 1.494 1.494 1.494 1.494
2 1.921 2 1.921 2 1.639 2 1.639 2 1.645 2 1.645 2 1.494 1.494 1.494 1.494
1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.5 1.494 1.494 1.494 1.494

a=085 | p=04 | c=03 | =12 | p=081 | 6=075 | n=100 | Z=2

Proof of Theorem 1

From (9), the expected regret-aversion utility of a driver who 1is initially located in Zone A and

relocates to Zone B or stays in Zone A is,

Ep,a,l [uA,A (77 |m)]

=Epan [pH. min {1, -7 -fyg(l —a) }
—n(mpa6 - c) (1 - min{l' (1—y)a fy3(1 —a) m

zZ 1 (1-yga+yp(1-a) p
= o)
fo <fo <fo (” A —yDa+vs(1 -

p
—n(mpif —c (1 — )) d
18 =\ A e G- a)) Y
1 1
+ J po dp) da) —=dA
(1-ya)a+yp(1-a) Z

1 Z
:pH—Z<p9 +n(mP59 —C)> (1 —vya+vs)

IE:p,oz,A [uA,B ] |m)]
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1-p
L 1-yp)A—a)+ VAa}

—(c+ 1o + ). (1 - min{l, 1= VB)(ll—_Pa) + yAa}>]

Z [ 1/ r1-(1-yp)(1-a)-yaa
=f (f <f (mpA6 —c) dp
0 0 0

1

=E,an [(mp/w - ). min{

1-p
(1-vyp)(1 —a) +ysa

+ J. ((mpl@ —c)
1-(1-yp)(1-a)-yaa

1-p 1
- (040 (1 Ly ) 0 7

ZH3+VB_VA —YBtVa

1
—c—npod+c) 2

Similarly, from (10), the expected regret-aversion utility of a driver who is initially located in

Zone B and relocates to Zone A or stays in Zone B is, respectively,

Ep,a,l [uB,A (77 |m)]

=E, 02 [(pe - c).rnin{l, A=7.a -f)/B(l ) }
— (¢ +n(mp26 + ) (1 — min {1‘ (1—y)a -fyB(l —a) })]

VA 1 (1-ya)a+yp(1-a) p
‘fo (f <f (“’”‘6) - yoa+ys(1-a)

p
_(c+n(mp/19+c))<1—(1_yA)a+yB(1_a))>dp

1

1
+ j (pb —¢) dp) da) —dA
(1-yDa+yp(1-a) Z

1 Z
=p9—c—Z<p9+n(mp§9+6)>(1—m+ys)-

]Ep,a,/l [uB,B ( |m)]
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1-p
Laoma- +yAa}

—1(pf — ¢). (1 - min{l, = yB)gl_—pa) + yAa}>]

Z 1 1-(1-yp)(1-a)-yax
=f (f (f (mpA6) dp
0 0 0

1

=Epan [mp/w. min{

1-p
(1-vyp)(1l —a) +yua

+ J. (mpAH
1-(1-yp)(1-a)-vaa

—n(pb —¢) (1— 1-p ))dp> da)ld/l
(1-yp)(1—a) +ysa A

>1+yA—)/B

2 2

VA Z
=mp-=60—|mp=0+n(pd—c) 2

We separate the proof into multiple cases.

1. Wheny, = 0 and yp = 0, no drivers relocate from their original zone. For this to occur,
the utility of staying in Zone A must exceed the utility of moving to Zone B for drivers
who are initially located in Zone A, and the utility of staying in Zone B must exceed the
utility of moving to Zone A for drivers who are initially located in Zone B. To find the

range of m where no drivers relocate from their original zone, we evaluate

]Ep,a,/l[uA,A(nlm)] = [Ep,a,l [uA,B (77|m)] and IE‘:p,a,/l[uB,B (77|m)] = IE:p,oc,l [uB,A (77|m)] for

¥4 = 0 and y5 = 0. Re-arranging IEp’a,A[uA_A(nIm)] > IEp_a_,l[uA,B(nlm)] gives m <

E(1 + C(4+2n)) and re-arranging IEp’a,A[uB,B(nlm)] > IEp_a,,l[uB,A(nIm)] gives m >

Z p0(3+n)
2 _ c(4+2m) . . .. o2 _ c(4+2m)
Z ( 26G) (3+n))' Thus, no drivers relocate from their original zone if ~ (1 280G (3+n)) <

2 c(4+2n) 2 c(4+2n) 2 c(4+2n) 16¢+8c .
1 - c@tzm)y _2(q _ cl+amy T_ s always non-

m= E( p9(3+n)) as Z( + p9(3+17)) - Z( p9(3+n)) - 3pZ6+pZno

negative.

2. Wheny, = 1and yg = 0, only drivers who are initially located in Zone A relocate to
Zone B, but drivers in Zone B remain in their original zone. For this to occur, the utility
of moving to Zone B must exceed the utility of staying in Zone A for drivers who are

initially located in Zone A, and the utility of staying in Zone B must exceed the utility of
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moving to Zone A for drivers who are initially located in Zone B. To find the range of m,
we evaluate Epan [uA,A (U|m)] <Ejax [uA,B (U|m)] and Epan [uB,B (U|m)] 2
Epen [uB,A (nlm)] for y, = 1 and y5 = 0. Re-arranging IEp,a,A[uA,A (nlm)] <

paﬂ[uA B(nlm)] givesm = = (1 + ) (2 + n) and re-arranging ]Epa,l[uBB(nIm)]
2
paﬂ[uBA(nlm)] gives m > = (1 - —) (2 + n). Because E(l + ) 24+n) =
%(1 - p%) (2 + n), drivers from Zone A will relocate from their original zone and drivers

from Zone B will remain in Zone B when m > = (1 + ) (2 + n). Furthermore, when

IEp,a,A[uA,B(nlm)] >0,m= %(pie 2+n)+ 77), which is less than % (1 + pie) (2+n),
implying that the utility associated with drivers from Zone A relocating to Zone B will be
positive when the threshold is reached.

. Wheny, = 0 and y5 = 1, only drivers who are initially located in Zone B relocate to
Zone A, but drivers in Zone A remain in their original zone. For this to occur, the utility
of staying in Zone A must exceed the utility of moving to Zone B for drivers who are
initially located in Zone A, and the utility of moving to Zone A must exceed the utility of

staying in Zone B for drivers who are initially located in Zone B. To find the range of m,
we evaluate ]Ep,a,/l [uA,A (Tl|m)] = [Ep,a,l [uA,B (77|m)] and Ep,a,/l [uB,B (77|m)] =

Ep,a,l[uB,A(r)lm)] for y, = 0 and yz = 1. Re-arranging IEp,a,A[uA_A(nlm)] >

Ep,a,l[uA,B (nlm)] gives m < %(; + ) and re-arranging IEp,a,A[uB,B (nlm)] <

1 c 2

. 2 [of 2 1 .
<< —-|— — — —_— ) < -
]Ep,a,/l[uB,A (nlm)] givesm < — (2+n p9>. Because = ~ (2+n pe) <2+n + ) drivers

from Zone B will relocate from their original zone and drivers from Zone A will remain

1

in Zone A when m < i(m — p_e) Furthermore, when IEpa,l[uBA(nIm)] >0,m<

22+ 1
) (— — —) Thus, if — — — < 0, there is no m where this occurs. However, when
Z n \24n pé 247 pB

- —Z> 0, then 224 (L - i) >2 (L - —) which implies that the utility
2+1n pG Z n \2+n pé@ 2+n  po

associated with relocating will be positive when the threshold is reached.
. Wheny, =1 and yz = 1, all drivers will relocate from their original zones. For this to

occur, the utility of moving to Zone B must exceed the utility of staying in Zone A for
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drivers who are initially located in Zone A, and the utility of moving to Zone A must

exceed the utility of staying in Zone B for drivers who are initially located in Zone B. To

find the range of m, we evaluate [, ; ; [uA, 4 (nlm)] <E,ax [uA,B (nlm)] and

Epaaluss(m)] < E,qalusa(mim)] for y, = 1 and yp = 1. Re-arranging

. 2 (4+27) : .
Ep,a,l[uA,A(nlm)] <E,an [ua 5 (nIm)] gives m > P (1 + ;9(3+?’)) while re-arranging

. 2 @+20)\ «.
Epaalussmm)] < E,qausa(nlm)] givesm < E (1 — —;9(3+:’7)). Since

2 (1 c(4+27])) > 2 (1 . c(4+2m)

= 60 - 28 (3+77))’ the interval is non-overlapping. Thus, we have a

z =z
contradiction, i.e., there does not exist a surge multiplier m where all drivers will relocate
from their original zones.

When 0 <y, < 1and 0 < yg < 1, only some of the drivers in Zone A will relocate from
their original zones. We need to find the equilibrium points y, and yz where drivers in
Zone A become indifferent between staying in Zone A and relocating to Zone B and

drivers in Zone B become indifferent between staying in Zone B and relocating to Zone

A. To find these points, we solve a linear system with two variables (¥4, y5) and two

equations Ej ¢ 5 [taa(Mm)]| = Ej ¢ 2[uas(mlm)] and E, o 5 [ug s (nim)] =

E)aa [uB, 4(m Im)]. Because the lines governing this linear system are parallel and never
intersect, we obtain no solution. This implies that there is no equilibrium solution for this
case.

Wheny, = 1and 0 < yg < 1, all drivers who are initially located in Zone A will
relocate from their original zone, but only some of the drivers in Zone B will relocate to
Zone A. To determine the optimal proportion ¥z, we find an equilibrium point where
drivers in Zone B become indifferent between staying in Zone B and relocating to Zone

A. Thus, we evaluate ]Ep,a,,l[uB,B (nlm)] =Epqn [uB,A (nlm)] for y, = 1 which gives:

1 VA VA 1 VA
po —C—Z(pH +n(mp59 +c)>yB =mp59 —Z(mp59+n(p9—c)> (2—-vp).

(p0—c)(4+21)—2mp30 : .
)2 . For this case to occur, the utility

Solving for yp, it follows that yz = e (p9+mp§9

of moving to Zone B must also exceed the utility of staying in Zone A for drivers who are

initially in Zone A. Thus, we evaluate E, ; 3 [uA, 4 (nlm)] <E,an [uA, B (nlm)] foryg =
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(p6-c) (4+2n)—2mp§9
Z
(1+17)(p9+mp59)

and y, = 1, which yields a contradiction as the equation reduces to

c(2 +n) < 0 and all parameters are non-negative. Consequently, it follows that there is
no equilibrium solution where all drivers in Zone A relocate to Zone B and some of the
drivers in Zone B relocate to Zone A.

. When 0 <y, < 1andyg =1, all drivers who are initially located in Zone B will
relocate from their original zone, but only some of the drivers in Zone A will relocate to
Zone B. To determine the optimal proportion y,, we find an equilibrium point where

drivers in Zone A become indifferent between staying in Zone A and relocating to Zone

B. Thus, we evaluate E, 4 3 [uA,A (nlm)] =Epax [uA,B (nlm)] for yg = 1 which gives:

1 z zZ, (4
po —Z<p9 +77(mp;9 - c)) 2—v4) = mp;@( VA) —c—n(pb +C)%A~ (Al)

4

(mp%@ —c) (4+2n)-2p0O
(mp%@ +p9)(1+17)

Solving (A1) for y,, it follows that y; = . For this case to occur, the

utility of moving to Zone A must also exceed the utility of staying in Zone B for drivers
who are initially in Zone B. Thus, we evaluate E, 4 ; [uB,B (n |m)] <E,ax [uB, A (nlm)]

(mp%@ —c) (4+2n)-2p0O
(mpge +p9)(1 +7)

fory, = and yp = 1, which yields a contradiction because, again,

the equation reduces to ¢(2 + 1) < 0 and all parameters are non-negative. Consequently,
it follows that there is no equilibrium solution where all drivers in Zone B relocate to
Zone A and some of the drivers in Zone A relocate to Zone B.

. Wheny, = 0and 0 < yp < 1, all drivers who are initially located in Zone A will stay in
their original zone, but only some of the drivers in Zone B will relocate to Zone A. For
this to occur, the utility of staying in Zone A must exceed the utility of moving to Zone B
for drivers who are initially located in Zone A. To determine the optimal proportion yp,
we find an equilibrium point where drivers in Zone B become indifferent between staying

in Zone B and relocating to Zone A. Thus, we evaluate E, , 3 [uB, 5(m |m)] =

Epar [uB,A (nlm)] for y, = 0 which gives:

1 z z, 1 z
po —c—z(pe +n(mp;6+c)) (1+yp) =mp36 —Z<mp59+n(p9—c)> (1-
VB)-
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(A2)

. . « _ pOB+n)(2-mZ)—4c(2+n) .
Solving (A2) for yp, it follows that y5 = Ry TE NI v The range at which the

equilibrium solution is valid can be calculated by finding the value of the surge multiplier

m in the limit where y, = 0 and either y5z = 0 or y5 — 1. The respective equations are

+n)(2-mZ)-4c(2+n) _ 0 and pO(3+n)(2-m2Z)—-4c(2+n) _
p6(1+n)(MZ+2) o p6(1+n)(MZ+2) -

given by p6Gs 1. Solving for m gives

2 _ c(4+21m) 2(1 ¢ . . . .
~ (1 8 (3+n)) and 2 (2+n > 9), respectively, which are the thresholds derived in cases

1 and 3.

9. When 0 < y4 < 1andyg = 0, only some of the drivers in Zone A will relocate to Zone
B while all drivers who are initially located in Zone B will stay in their original zone. To
determine the optimal proportion y,, we find an equilibrium point where drivers in Zone

A become indifferent between staying in Zone A and relocating to Zone B. Thus, we

evaluate Ej 4 2[ug a(Nm)] = E, 4 2[ua s (nlm)] for y5 = 0 which gives:

1 Z Z 3— 1
p0 —2(p0 +n (mpZ6 - c)) (L —v) = mp20 (F4) — c o + ) TLA (a3)

Setting y5 = 0, re-arranging and solving for y, in (A3), we obtain y, =

@3 +17)(mp§9 —p9)—c(4+ 21n)
(1 +n)(p9+mp§9)

. The range at which the equilibrium solution is valid can be

calculated by finding the value of the surge multiplier m in the limit when yp = 0 and

@3 +n)(mp§9 —p9)—c(4-+217) _

either y, = 0 or y; = 1. The respective equations are given by

+m)(po+mp20)
(3+ ) 59_ 0)— (4+2 ) . :
0 and n (mpz p ) ZC - 1. Solving for m gives 2 (1 + C(4+2n)) and
(1+n)(p9+mp56) 4 pO(3+1n)

%(1 + pie) (2 + n), respectively, which are the thresholds derived in cases 1 and 2.

A summary of the cases appears in Table 3-A-10.

Table 3-A-10. Result summary for Theorem 1

% of drivers y, initially located in % of drivers y} initially located in -
Case Zone A relocating to Zone B Zone B relocating to Zone A Range for the surge multiplier m
2 1 c
’ 0 ' 0<m <2 (557 50)
8 0 0<yp<1 2( ! C>< <2y
vz Z\Z+n p8) =" =Z\" TpeG+n)
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. _pOB+n(2-mZ) - 4c(2+1n)
T T e+ (mZ +2)

c(4+2n)

! 0 0 2 1 < 2 1+c(4—+217)
Z p0(3+1) =ms=yz p0(3+1n)
0<y <1

Zo_1o)— 2 c(4+2n) 2 c

B+n)(mp56—p0)—c(4+2n) z z —

9 vi= ( 2 ) p 0 Z(1+p6(3+n)>SmSZ(1+p9)(2+r])
(1+n)(p9+mp79)

IA

5 1 0 ;(1+pi‘9>(2+77)5m5mmax
7 0<y,<1 1

Z 0< ylA <1 0< VIB <1 No equilibrium

6 1 0<yz<1

Proof of Theorem 2

From (9) and (10), the expected regret-aversion utility of a driver who is initially located in Zone
A and relocates to Zone B or stays in Zone A, and the expected regret-aversion utility of a driver
who is initially located in Zone B and relocates to Zone A or stays in Zone B, depend on multiple

cases. Following Theorem 1, we separate the proof into cases.

— — 4 —_ P p
1. Wheny, = 0and yz = 0, we have S oaraia — o Thus, o Daraia =

implies a = p. Thus,

Ega [uA,A (m|m, P)]

=[Egx [pe. min {1, A -ll-)yg(l — ) }
—n(mpaf — c) (1 — min {1' 1-y)a -fyB(l - ) D]

4 p 1 p 1
=.f (f pHda+f <(p9+17(mp/19—c))——n(mpl@—c))da)—dxl
0 0 p a Z

Z Z
=p9p—pIOg[p]<p9+n(mp§9—C)>—n(mp§9—6>(1—p)-

1-p
> (1-yp)(1-a)+yaa

Similarly, wheny, = 0 and y5 =0 < 1 implies a < p. Thus,
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Eg2[uas®lm, p)]
1-p
L 1-yp)A—-a)+ VAa}

—(c+n@o +0)) (1 — min {1’ (1- yg)gl_—pa) + yAaD]

=Egx [(mp/w —C). min{

Z/rp 1-p
=f <f <(mp,19+n(p9+c)) —(c+n(p9+c))>da

o \Jo 1-a

1
+fp (mpA6 — ) da)%d)l

Z
= —(1-p)log[1 - p] (mPEH +n(po + c))
7 Z

—p<mp—0+n(p9+c)>+(mp—9—0>-

2 2

Ega[usa(mim, p)]

= Boa |8~ omin{t, 7
— (¢ + n(mpad + c)) (1 — min {1' (1—y)a -fyB(l —a) })]

=LZ<JOP(}?9—C)CZC(

1
+ f <(p0 + n(mpA6 + c))ﬂ — (c + n(mpA6 + c))) da)ldxl
P a Z

Z Z
= pOp — c — plog|p] <p9 +n<mp59 +c>>—n(mp59 +c) 1 -p).
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Ega [uB,B (m|m, ,0)]

= Eq [mp/w. min {1, 1= ),B)g;—pa) + yAa}
—n(ph — ) (1 — min {1, 1= y3)21_—pa) + yAa}>]

A p 1 —p

=f <f <(mp/19+n(p0—c))1_a—n(p0—c)>da
o \Jo
1 1

+fpmp19 da>zd)l

Z
= —(1—p)log[1 — p] <mP§9 +n(pb — c))

Z Z
—p(mpze + n(pb —c)) +mp§9.

When y, = 0 and y5 = 0, no drivers relocate from their original zone. For this to occur,
the utility of staying in Zone A must exceed the utility of moving to Zone B for drivers
who are initially located in Zone A, and the utility of staying in Zone B must exceed the
utility of moving to Zone A for drivers who are initially located in Zone B. To find the

range of m where no drivers relocate from their original zone, we evaluate
Ega [uA,A (nlm,p)] > [Ea,)L[uA,B (m|m, P)] and E, » [uB,B (m|m, P)] >
]Ea,/’L[uB,A(nlm' P)] fory, =0andyg = 0.

Eqa[taa(lm, p)] > Eqa[uap(@lm, p)] gives us, pop — plog|p] (pH +
n (mp%@ - c)) -1 (mp%@ - c) (1-p)>—-010-p)log[1—p] (mpge +
n(p6 + c)) —-p (mp%@ +n(pb + c)) + (mpge - c), which implies m < my,

=K c+pBp)+1(c+pd) log[1-pl+72-(cn—p8) log[p]

. Note that (1 +n) —log[1 — p] +
§pze(<1+n)—log[1—p]+nﬁlog[p])

n ﬁlog[p] > 0 forn = 0and p € (0,1) because,

p p
(1+n)—log[1—p]+n1_p10g[p]2(1+n)+n1_pLog[p]
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as% > 0 and log[p] > 1 —%forallp > 0.
Second, Eqz[ugs(nlm, p)] > Eqa[uga(lm, p)] gives us — (1 — p)log[1 —
m0m€9+n@9—d)—p@w§9+n@9—dﬁ+nw§0>mw—c—
A VA . . .
plog[p] (pé? +7 (mp;@ + c)) -1 (mp;@ + c) (1 — p), which implies m > m;,

ﬁ—Z(pﬂp—C)ﬂ(pG—C) log[l—p]—ﬁ(cmpe) log[p]

. Note that (1 +n) —log[1 —

§p29<(1+n)—10g[l—p] +ﬁnlog[p]>
pl+ J:;pnlog[p] > 0 forn = 0 and p € (0,1) as shown before.

1oa(c+pOp)+(c+p6) log[1-pl+25(cn—p6) loglp]

Finally, we have my — m; =
%p29<(1+n)—log[1—p]+nﬁlog[ﬂ])

147 P
1=, Pp—c)tn(po-c)log[i-pl-—2(cn+pb)log|p] T

(1+m)-log[1-p] +E-nloglp]

- pZo

1+7 P
— +n7—log[p]+nlog[1-p]
ik < 1P ) Note that

%pze((1+n>4ogu—p]+;€;nMgUﬂ>
my — my = 0 because

1+n p 1+n p
1 log[1 — p] =
1_p+n1_p0dm+n0d m_l_p+n1_p

log[p]

1
=szu+nﬂ+pbﬂﬂﬂ

> 1+n(1+ plog[p])

>14n(140(1-2))

> 1.

Thus, no drivers relocate from their original zone when m €

T P0p—c)+n(PO~0) log[1-pl—Lo(cn+p6) loglp] T Ac+pOp)+n(c+pb) logl1-pl+2-(cn~pb) loglp]

)

%pZG((Hn)—IOg[l—p] +ﬁn10g[p]> §p29<(1+n)—10g[l—p]+nﬁlog[ﬂ])
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p p p
= = = <
2. Wheny, =1and ygz = 1, we have CDaveis — 1a Thus, D) = 1

implies @ < 1 — p. Then,

Ega [uA,A (m|m, P)]

=Egq2 [pe.min {1, d—7a -f)/B(l — ) }
—n(mpAb —c) (1 — min {1, A=y -f]/B(l ) })]

Z /1
= f <f pl da
0 1-p

1-p
+ f <(p9 +1n(mpad —c)) P
0

1—-«a

—n(mpA6 — c)) da)%dl
Z Z
= pbp — plog|p] (pé’ +n<mp50 —C>> —n(mpge —c) (1 —-p).

1-p
> (1-yp)(1-a)+yaa

Similarly, wheny, = land yg = 1 < 1implies @ = 1 — p. Thus,

Ega [uA,B (m|m, P)]

1-p
LA oma-w +yAa}

— (c+n(pb +0©)) (1—mi“{ i D)l

LAy —a) +raa

= lEa'A ((mpl@ —c). min{

=j <J ((mpl@+n(p0+c))%—(c+n(p9+c))>da
o \/1

-p

1-p 1
+ JO (mpAB — c) da) Edl
Z
= —(1-p)log[1 - p] (mpgé’ +n(po + c))

Z Z
—p<mp56 + n(pb + c)> + (mpEH —c).
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Egqa [uB,A (n|m, p)] and E, , [uB’B (n|m, p)] also gives the same results as case 1. To find
the range of m, we evaluate Eg 3 [ug 4(lm, p)] < Eg2[uas(lm, p)] and
Eqa|tgs(m, p)| < Eqaluga(nim, p)] for y, = 1and yp = 1. Re-arranging

Ega[uaa(mim, p)] < Egaluas(mim, p)] gives m >

1o (c+pOp)+n(c+pB) log[1-pl+12-(cn-p6) loglp]

while re-arranging E,, » [uB‘B (n|m, p)] <
§pze<(1+n>—log[1—p]+nﬁlog[p])

1+n

(p8p—c)+n(ph—c) log[1-pl--L=(cn+pb) log[p]
Egz[usa(mim, p)] gives m < =£ —-

. Since

§p29<(1+n)—log[1—p] +$nlog[p]>

oK c+pBp)+n(c+p8) logl1-pl+2-(cn-pO) loglp] _ {T1(pOp—c)+n(p6~c) log[1-pl—L-(cn+p6) loglp]

b

%p29<(1+n)—10g[1—p]+nﬁ log[ﬂ]) §p29<(1+n)—log[l—p] +ﬁnlog[p]>

the interval is non-overlapping. Thus, we have a contradiction, i.e., there does not exist a

surge multiplier m where all drivers will relocate from their original zones.

p
(1-yaa+yp(1-a)

. Wheny, =1 and yz = 0, we have lim — oo, Thus,

. p _
min {1, (l—yA)a+yB(1—a)} = 1 for any @ € (0,1). Then,

Eqa [uA,A (mIm, ,0)]

= Eq2 [pH.min {1, d—7)a -f)/g(l — ) }
1m0 =0 (1 = minft o)

Z 1 1
=f <f pHda)—dlsz.
o \Jo Z

1-p
> (1-yp)(A-a)+yaa

Similarly, wheny, = 1and yz =0 < 1 implies 1 — p < 1 which holds

for any a € (0,1). Thus,
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Eq|tasMim, p)]

1-p
L 1-yp)A-a)+ VAa}

—(c+n@o +0)) (1 — min {1’ (1- Vg)gl_—pa) + yAa})]

=Eq 2 [(mp/w - ). min{

_ f <f ((mp26 + @6 + ©))(1 = p) = (c + n(p8 + ))) d“)%‘“
0 0

Z
= (mpEH +1(p6 + c)) (1=p) = (c+npo +0)).

Similarly,

Egx [uB,A (n|m, P)]

=Eq2 [(p@ - c).min{l, -7 -fyg(l — a)}
— (¢ + n(mpa8 + ©)) (1 — min {1' (1-y)a -fyB(l ) D]

=LZ<J01(p0—c)da>%dl=p9—c.

Egx [uB,B (nm, P)]

1-p
a5 ya-o+ )/Aa}

—n(pb — ) (1 B mi“{l' (1— ),B)a_—pa) + yAa})]

= jOZ <J01 ((mp)ﬁ +1(P0 —c))(1—p) —n(pb — c)) da)%dl

=Egq2 [mpAH. min{

Z
= (mp_e + n(po — c)) (1-p) —n(Po — o).

2
Re-arranging Eq 2[ug s (mIm, p)]| < Eq 2[uas(mim, p)] gives m > %(1 + pi@) (11+_n;) and
re-arranging [Ea',l[uB,B (m|m, P)] > [Ea,/l[uB,A (nlm, p)] givesm > %(1 - pie) (1:—_17:)'

Because %(1 + p%) (1:_—7’:) > %(1 - ple) (1:_—7’;), drivers from Zone A will relocate from
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their original zone and drivers from Zone B will remain in Zone B when m >
(1455 G5
VA po 1-p

. Wheny, =0and yz = 1, we have

P T .
<
oatraia =1 implies p < 1, which holds for

any a € (0,1). Thus, min {1, (1_VA)a'fVB(1_a)} = p for any a € (0,1). Then,

Ega [uA,A (m|m, P)]

=Egq2 [pe.min {1, d—7a -f)/B(l — ) }
—n(mpAb —c) (1 — min {1, A=y -fyB(l —a) })]

Z /o1 1
= L <f0 ((p@ +n(mpAd —c))p — n(mpAd — c)) da)EdA

Z Z
= (p@ +r](mp59 —c))p—n(mpEH —c).

1-p
(1-yp)(1-a)+yaax

Similarly, when y4, = 0 and y5 = 1, lim — 00, Thus,

. 1-p _
min {1, (l—yB)(l—a)+VAa} = 1 for any @ € (0,1). Then,

Eg[uas(@lm, p)]

1-p
L omd-w +yAa}

— (c+n(po +0)) (1 — min {1' = y3)21_—pa) + yAa})]

Z 1 1 VA
=j <J (mpl@—c)da)—d/1=mp—9—c.
o \Jo Z 2

=Eq 2 [(mpl@ —c). min{

Similarly,
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Eg2[us.a(mim, p)]

= Eg2 [(pe — ¢).min {1, ad—7a -fVB(l 0 }
— (c + n(mpad + ©)) (1 — min {1’ (1-ya f)/g(l —a) D]

Z/ 01
= J. <f ((p@ +n(mpad + ¢))p — (c + n(mpA6 + c))) da)%di

= <p9 +n(mp§9 +6)>p— <C+n<mp§9 +C)>-

Ega [uB,B (mlm, P)]

1-p
L 1-yp)(1—a)+ )/Aa}

—n(pb — ¢) (1 — min {1, - y3)21_—pa) + yAaD]

Z 1 1 Z
= f <f (mpA6) da)—dl =mp—=0.
o \UJo YA 2

Re-arranging [Ea,/l[uA,A (n|m, p)] > [Ea,;t[uA,B (n|m, p)] gives m < %( £ i) and

=Eg2 [mpl@. min{

1-np+n  pb
re-arranging Eq 2 [up s (M, p)]| < Egz[us.a(mim, p)] gives m < 2 (L - i)
aAlUB,B ) aAlUB,A ) z\py  po)
2 p c 2 p c . .
Because = ( + —) == ( - —), drivers from Zone B will relocate from
Z\1-np+n  pb Z\1-np+n pb

their original zone and drivers from Zone A will remain in Zone A when m <

E( p _L)
zZ\1-np+n  pb)’

5. Wheny, =0and 0 <yg <1, wehave 1 -7y, — yp = 0. Thus, we can simplify

P
Grmarrstiog = 138 P = (1-yvpa+yg(l—a)andp —yp < (1 -y, — ypa.

P—YB

Thus P < 1 implies & 2 max {0, o
—YA— VB

> (1-va)a+yp(1-a)

}When 1—y4— vy =0,and,

as a results, ¢ > max {0,%} wheny, = 0 and 0 < yz < 1. Similarly,
— /B

1-p
(1-yp)(1-a)+yax

< 1 implies @ < max {0,%}. Thus,
— VB

5.1. When p — y5 = 0, we have
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Eqa [uA,A (mlm, P)]

=Egq2 [pe.min {1, d—7)a -f)/g(l — ) }
—n(mplé — c) (1 — min {1, -7 a -f]/B(l — ) })]

7 f_—VB
= f f vE p@ da
0 0

1
p
* f (0 om0 )z
1-vyp
1
— n(mpAo — c)) da) Ed/l
p—vg P Z
P 1—]/3 1_)/3 g[p]<p n pz

Z P—VB)
n(mpz0-c)(1-1=7)

Eqx [uA,B (nlm, P)]

1-p
b 1-yp)A-a)+ VA“}

—(c+n(@o+0) (1 — min {1' (1— yB)gl_—pa) + yAaD]

_fz flpj§<( 20 + 1 + 0)) ———~
~ho\ U ™ e (1-yp)A—a)

— (c + n(po + c))) da + .L_VB (mpAb — ) da)%dxl

1-vB

(1_p)1 1-p < 2o+ (9+)>
= — 0 mp = ¢
1—yy) Cli—yI\"P27 TP

=Eg42 [(mp/w - ). min{

P—VB Z ( z )
1_y3<mp29+77(p9+c))+ mP29 ¢l
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Eqa [uB,A (n|m, P)]

= B [ (96— )min{1, L]
— (c +n(mpad + ) (1 — min {1' (1-y)a fy3(1 —a) D]

;[ P=VE
= .[; (fol_m(pe —c)da

1
+ fp_yB <(p9 +1(mpad + )
1-vB

p
a(l—vyp) +vs

~ (¢ +n(mpa + C))> d“)%‘u

p— Vs p Z
= (pf — ¢) - 10[]<9+ (m _0+C>>
. T " 1=, loslel (p0 1 (mp3

(eonlrstord) 1-222)

Eqa [uB,B (nm, P)]

1-p
L 1-yp)1—a)+ )/Aa}

—n(pb — ¢) (1 — min {1, = y3)21_—pa) + yAa})]

= ]Ea,/l [mpl@ min {

P~VB

= fz fl_yg <(mp/19 D) . e - C)> e
A (1-yp)A—a)

1
1
+ JP—VB mpAf da> 7 di

1-vB

(1_p)1 1_p]< 20+ (6 ))
= — (0] mp— —C
T—yg) Bli—ygl\"P27 TP

P—VB Z —
— mp—0 + 6 +mp—=6.
T VB( p2 n(p c)) pz
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To determine the optimal proportion yz, we find an equilibrium point where drivers in

Zone B become indifferent between staying in Zone B and relocating to Zone A. Thus,

we evaluate E, ;3 [ug s (nlm, p)| = Eqa[usa(lm, p)] for v, = 0 which gives:

_(1-p 1- _ p¥YB _
(1—)/3) log [1 — ](mp 6 +n(pb c)) (mp 0 +n(pb c)) +mp> 2o =
P—YB 4 Z VA

(pb — ) . —mlog[p] (p@ +7 (mpEH + c)) - (c +7 (mpze + c)) (1 -
P-YB

1—)/3).

Since 1 — y5 = 0,— (1 — p)log [1_—’)] (mpze +n(po — c)) —(p—vs8) (mpze +

1-vp 2 2

n(p6 - c)) + (1 - y)mp=60 = (p8 — c)(p — v5) — ploglp] (pH +

] (mp%H + c)) — (c +1 (mp%@ + c)) (1-p).

Solving for yp, it follows that Alog[1 — yg] + B(1 —yg) — C = 0 where A =

(1= p) (mpZ0 +n(@0 ~©)). B = (1 + D(p6 - ) and € = — (1 - p)logl1 -

z z

Pl (mp;9 +n(po — c)) — p(Po — ) + plog[p] (pé’ +7n (mp;H + C)) +

<c+r](mp§9 +c)) 1-p) —p(mpgﬁ + n(pb —c)) +mp§t9 + (m+ 1) —c).
Then,

Alog[1l —yg] + B(1 —yg) — C = 0 is equivalent to log[1 — y3] +§(1 —vg)logle]

S=o.
A
. A . c ——(1-yp)] _ .
Defining h(m) = = and j(m) = - log [(1 — yg)ehm ] = j(m) or

—(1- o YE) _ L, jm) tuti - 1_ : z _
h(m)( VB )ehm ol Substituting z pyo— (1 —yg) gives ze

——e/M andz =W (; e’ (m)), where W is the Lambert W function. Thus,
h( ) h(m)

substituting z, we obtain

h(m)( —yp) = (m eJ(m)) andyp = 1 — h(m)W (ﬁ 6,](m))
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The range at which the equilibrium solution is valid can be calculated by finding the

value of the surge multiplier m in the limit where y, = 0 and either yz = 0 oryg — 1.

The respective equations are given by h(m)W (ﬁ el (m)) =1 and

h(m)W (@ ef(m>) = 0. Solving hA(m)W (ﬁ e;(m) = 1 gives W (ﬁ ej(m>) —

—— and thus, — e’ im) — eh(m) or

h( ) h( ) h(m)

— (1= p)log[1 — p] (mpfﬁ +n(po — c)) —p(PO — ) + plog[p] (pH +

n(mp%@ +c)> + (c+n(mp§9 + C)) 1-p) —p(mp%@ + n(po —c)) +

mp= 6+ (n +1)(pd — ) = (n+1)(pd — o).

. . 11'—"(p9p—6)+n(p9—0) log[1-pl-—L=(cn+p6) loglp]
Solving for m gives ==~ =L

. Solving
§p29<(1+n)—10g[l—p] +ﬁnlog[p]>

h(m)W (ﬁ e](m)) =0 gives h(m) =0or W (m ef(m)) = 0, which gives

—(1-p) (mp 0 +n(pb — c)) =0or v )ef(m) = 0, implying that (n + 1) (p6 —

c¢) = 0. There is no root for m for these equations.

Y. < P > _P7¥s | _
5.2.Whenp —yp <0, A Datrata = < 1 implies @ > max {O P YB} 0 when

1—vy4— vg =0,and, as aresults,«a > 0 wheny, = 0 and 0 < y5 < 1. Similarly,

1-p
(1-yp)(1-a)+yaax

< 1 implies @ < 0. Then,
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Eqa [uA,A (mlm, ,0)]

=Eq 2 [p@.min {1, (1—ya -fVB(l —a) }
—n(mpAd — ¢) (1 — min {1, (1— 7y fYB(l —-a) }>]

z 1 p
:fo (fo ((p@+17(mp/19—C))a(1_yB)+yB

1
—n(mpl6 — c)) da) 7 di

— p log[ys] 9+< Z@ ) ( Z9 )
= 1=, loslrsl{pO +n{mp76—c)]=n{mp76-c)

Ega [uA,B (nlm, P)]

1-p
b 1-yp)A-a)+ VA“}

~ (e + 100 + ) (1 - min{1, a- yg)gl—_pa) + m})]

z 1 1 Z
:f <f (mp/w—c)da>—d/1=mp—9_c-
o \Jo Z 2

Ega [uB,A (nlm, P)]

=Eq2 [(mple - ). min{

=Eq2 [(p@ - c).min{l, -7 a -Il-)yg(l _ a)}
— (c + n(mpa8 + ¢)) (1 — min {1' (1—y)a -fyB(l —a) })]

=LZ<L1<(p9+n(mp/19+C)) -

a(l—vyp) +vs

— (c +n(mpao + c))> da>%dl

_pl[]g+(29+) +(29+)
=———qloglysl(p0 +n(mp50+c))={ctn(mpz0+c))
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Ega [uB,B (m|m, P)]

1-p
L 1-yp)A—-a)+ )/Aa}

— (P8 — ) (1 — min {1, 1= y3)21_—pa) + yAa})]

VA 1 1 7
L(fomp/w a)Z A mpZH

To determine the optimal proportion yz, we find an equilibrium point where drivers in

=[Egx [mp/w. min{

Zone B become indifferent between staying in Zone B and relocating to Zone A. Thus,

we evaluate Eg 3 [ug 5(nlm, p)| = Eqa[usa(mlm, p)] for y4 = 0, which gives

Z Z Z .
pyB log[yz] (pH +1 (mp;@ + c)) - (c +7 (mp;@ + c)) =mp>6. Since 1 —

1—

Ys =0,
—plog[ys] (pH +n(mp§9 +C)) —(1—-vs8) (c +n(mp§0 +c)) =

(1- yB)mpge or
—ploglysl (pH +n(mp§9 +c)) + yg(n+1) (mp%@ +c) -(n+1) (mpge +

c)=0.

Solving for y, it follows that Alog[yg] + Byg — B = 0 where A = —p <p9 +

n(mp%@ +c)) andB=(m+1) (mp%@ + c).Now,Alog[yB] +Byg—B =0is

equivalent to log[yg] + %yB log[e] — % = 0. We define [(m) = §= and thus
log[yze?8'™] = I(m) or L(m)yze?8'™ = [(m)e'™. Substituting z = [(m)y; gives
ze? = 1(m)e!™ and z = W (I(m)e'™), where W is the Lambert W function. From the
definition of Lamber function, W(l(m)el(m)) = [(m). Thus, substituting z, we get
l(m)yg = I(m) and y; = 1. The range at which the equilibrium solution is valid can be

calculated by finding the value of the surge multiplier m in the limit where y, = 0 and

yg — 1. Solving for y5 — 1, we have
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lim (B a[ut5,4 0, )] = B[ 5 lm, )] = 0
vp—1

- p ( z )_ ( z >_ Zol -
yls}r_r)lllYB_llog[yB]<p0+n mp29+c> <c+n mp29+c mp20 =0

Z Z ,
— c+n(mp50+c) —mpEH +Vlé}r_r>11

Z
— log[ys] (pH +7 (mPEH + C>>l

=0

Z Z Z
— c+n<mp50+c> —mp§0+p p9+n(mp§9+c> =0,

i i N G E—
Solving for m gives m = p (l—np+n pe)'
. Whenyg =0and 0 <y, <1, first we assume that a 5 ' < 1. This occurs when a >
—VA
P p SN P : p P
< < = )
1-v4 Thus, (1-ya)at+yp(l-a) — 1implies (1-yaa — 1 and min {1’ (1—)/A)a} (1-ya)a
1-p . . p 1-p
—Fr < < <

Now. suppose that et S 1 implies a < — Then, o ad i = 1 and

. 1-p _ 1-p
min {1' (1—a)+yA0(} T 1—a(1-ya)

p 1-p
>1-— > <
6.1.When p = 1 — y,, then oarata = 1 and o idae = 1 forany a €
(0,1). Hence,

Ega [uA,A (m|m, ,0)]

=[Egx [p@.rnin {1, -7 a —l:)/B(l — @) }
—n(mpa8 —c) (1 — min {1' (1-v)a -fyB(l —a) })]

V4 1 1
=f <f pHda)—dAsz.
o \Jo Z
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Eg 2[uas(lm, p)]

1-p
L 1-yp)A—a)+ )/Aa}

— (c+ 0o +0)) (1 — min {1’ (1— yB)(11_—pa) + yAa}>]

B A 1 1_,0
_fo (fo <(mp/10+n(p9+c))—1_a(1_yA)

— (c+n(po + c))) da)%dl

=Eg2 [(mp/w —C). min{

1- Z
= ( —pl) log[yal (mpEG +n(po + c)> — (c + 1P + ©)).

Ya

Ega [uB,A (mlm, P)]

= Eq [(p@ — ¢).min {1» (1—y)a -fyB(l —a) }
— (c +n(mpad + ©)) (1 - min{l, a4 fy3(1 =) })]

Z 1 1
=f <f (pH—c)da)—d/lsz—c.
o \Yo Z

Ega [uB,B (mlm, ,0)]

1-p
Yaoma-o+ yAa}

—n(pb — ) (1 B mi“{l' (1— ),B)a_—pa) + yAa})]

—fz<f1<( 20+ 10 — ) ———P _n(po - )d >1d,1
=), \J, (P n(p C)l—a(l—yA) n(pf —c) |da |-

——(1_'0)10[ mpZo +nmo—c) ) o -
= 1—v, glYa pZ n\p n\p .

=Eg2 [mpl@. min{

To determine the optimal proportion y;, we find an equilibrium point where drivers in

Zone A become indifferent between staying in Zone A and relocating to Zone B. Thus, we

evaluate Eg 3 [ug 4(lm, p)]| = Eg2[was(mlm, p)] for y5 = 0 which gives p8 =

~(55%) toglyal (mp§0 +n(p8 + C)) =~ (c+n®0 +0)). Since 1~ y, 2 0,

1-va
(1= ya)po = — (1 - p)loglyal (mp§9 +n(pf + c)) = (1= yv)(c+n®o +0).
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Solving for Yy, it follows that A log[y,] + Byy — B = 0 where A = —(1 — p) (‘mp%@ +

n(p6 + c)) and B = (1 +n)(pb + c). Thus, Alog[y,] + By, —B =0 or

log[val +§]/A log[e] — % = 0. We define k(m) = %, thus log[y,e*™74] = k(m) or
k(m)y e*mva = k(m)ek™ . Substituting z = k(m)y, gives ze? = k(m)e*™ and

z = W(k(m)ek(m)), where W is the Lambert W function. Thus, substituting z, we
obtain k(m)y, = W (k(m)e*™) = k(m) and y; = 1. The range at which the
equilibrium solution is valid can be calculated by finding the value of the surge multiplier

m in the limit where y = 0 and y, — 1. Solving for y; — 1 yields

ljr_r)ll [[Ea,)L[uA,A(nlm’ P)] - Ea,l[uA,B(rllm’ P)]] =0

Ya

1- Z
Jim, l(m _pl) log[y,] <mp§9 +n(p6 + C)> —(c+n@6 +0)) - le =0

1- Z
—(c+n(@o+c))—pb + ylglr_r)ll [(VA _pl) log[ya] <mp59 +n(pb + c))l =0

—(c+n(p6 + c)) —po+(1-p) (mpge +n(po +c)> = 0.

Solving for m gives m = %(1 += ) (“ﬂ)

p6) \1-p
6.2.When p < 1 — y,, then p < 1and 1P > 1 fora > £
’ (A-vaa+yg(l-a) — (A-yp)(A-a)+yaa — T 1-ys
and p > 1and 1=p <1fora<——
(1-va)a+yp(1-a) (1-yp)(1-a)+yaa 1-y4
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Eqa [uA,A (m|m, P)]

=Egq2 [pe.min {1, d—7)a -f)/g(l — ) }
—n(mplé — c) (1 — min {1, -7 a -f]/B(l — ) })]

7 _P
1—
= f f va p9 da
0 0

+ f , <(p9 +1n(mpad —c))

1-ya

p
a(l—ya)

1
— n(mp/w - C)) da) Ed/l

p p p Z
= p0 — lo [ ]<9+ (m —9—c>>
p 1—)/A 1— 4 gl_yA P 7 pz

(mp30-<)(1-12)
n\mpyv ¢ 1—y,)

Ega [uA,B (m|m, P)]

1-p
L aoma-o +yAa}

~(c+n@o+o0) (1 - mi“{l' = y3)21_—pa) + yAa})]

=)\, P IPY T T a( — ya)

— (c + n(po + c))) da + f ) (mpA6 — ¢) da)%d/l

1-va

=Eq [(mp/w - ). min{

1— Z
= —(1 _]Z)log[l - pl (mpig +n(po + C))

p Ze+(e+)+( 2 )
1— y,\ Pz° TIPTTC TP E )
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Eqa [uB,A (n|m, P)]

= B [ (96— )min{1, L]
— (c +n(mpad + ) (1 — min {1' (1-y)a fy3(1 —a) D]

p

:.LZ(Lm(pH—c)da

+ f . ((pf? +1(mpAd + ¢))

1-ya

p
a(l—ya)

~ (¢ +n(mpa + C))> d“)%‘u

ot onfnoe)
1—)/A 1_VA 1_]/14 2
Z p
(oo ) o-2)

Eq 2 [uB,B (mIm, P)]

L-p
"aoa-o+ VA“}

—n(pb — ¢) (1 — min {1, = y3)21_—pa) + yAa})]

_fZ J‘ﬁ((m 10 + ( H_C))l;p
= A p e 1—a(l—1y,)

1
1
_n(pH—C)>dC¥+J ) mpflé’da>§d/1

= ]Ea,/l [mpl@ min {

1-va

1— Z
- —(1 _y’;)log[l - p] <mP§9 +n(pd — C))

p 20+ 0o —c))+mp=o
1—-y4 Py mpY e mp3 Y
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To determine the optimal proportion y,, we find an equilibrium point where drivers in

Zone A become indifferent between staying in Zone A and relocating to Zone B. Thus, we

evaluate E, ; [uA,A (nlm,p)] =Eq [uA,B (n|m, p)] for yg = 0 which gives p6 % -
— VA

ﬁlog[ﬁ] (p@ +n(mp§9 - c)) —n(mp%@ —c) (1 — 1—pyA) =

- (11_;)2) log[1 — p] (mpgg +n(pb + C))

p z
—m(mpze +77(p9+c)> +

(mp%@—c).Sincel—yAZO,po—plog[ P ]<p9+n(mp§0—c)>—

1-va
VA Z

n(mpie —C) (1= vya—p) =— (1~ plog[l-p] (mp59 +n(p0+c))—
p (mp%@ +n(p6 + c)) +(1- vy, (mp%@ — c). Solving for y,, it follows that
Alog[1 -y, +B(1 —y,) —C =0where A = —p (p@ +7 (mp%@ - c)), B =
1+n) (mp%H - c) and C = pfp — plog[p] (p@ +7 (mpge - c)) +

z z z
on (mpzé? — c) + (1 — p)log[1 — p] (mpze +n(pbo + c)) +p(mp59 +
n(po + c)). Thus, Alog[1 —y4] + B(1 —y,) — C = 0 orlog[1 — y,] +§(1 -

1
Ya) logle] — % = 0. Defining f(m) = %and g(m) = %give log [(1 _ yA)eJTm)(l_“) _

(A-ra) _ ﬁeg("‘). Substituting z = e (1 —ya) gives

1
1 _
g(m) or — (1 = ,)eTm e

f(m)

ze? = ——e9M and z = W (; eg(m)>, where W is the Lambert W function. Thus,
f(m) f(m)

St il (1— — L ,g(m) 1 _
substituting z, we obtain s, (1—vya) W(f o )and ya=1

fmw (ﬁ ed (m)). The range at which the equilibrium solution is valid can be

calculated by finding the value of the surge multiplier m in the limit where y = 0 and

either y; — 0 or y; — 1. The respective equations are given by f(m)W (ﬁ e9d (m)) =

1 and f(m)W (ﬁ eg(m)) = 0. Solving f(m)W (ﬁ eg(m)) = 1 gives

1
I gm)) =1 L ogm — 1 5w ;
w (f(m) e ) o and o e o efm) That is,
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p6p — plog[p] (pf) +n(mpZ6 - C)) +pn (mp26 - c) + (1 - p)logl1 -

Pl (mp%@ + n(pb +c))+p(mp§6 +77(p9+c)) ={1+n) (mpge —c).

14n

T2 (c+p0p)+n(c+p6) log[1-p]+E_(cn-p6) log|p]

Solving for m gives . Solving

§pze<<1+n)—log[1—p]+nﬁ log[p])
L o9 = 0 i = L ,9m)) = ;
fmw ( e ) 0 gives f(m) =0or W ( o © ) 0 and none of which has

a root for m.
A summary of the cases appears in Table 3-A-11.

Table 3-A-11. Result summary for Theorem 2

s : T
7o of drivers yj initially 0 g iers ¥} initially located

Case locate'd in Zone A in Zone B relocating to Zone A Range for the surge multiplier m
relocating to Zone B
4 0 1 o<m<2 (L < )
1-np+n pb
0<m
1+
1 1D 1 w6p — ©) + (@6 — ) log[1 — p] - f (en +p6) log[p]
5.2 0 c1-p p
when p —yp < 0. = 1
5pZ6 ((1 +n) —log[1 — p] + g —mloglp ]>
(=0
0<yp<1 Z\1-np+n pb) "~
1+
5.1 0 — h(m)w (h( )e;(m)> 5 T3 @0 = &) +n(pd — ) log[1 ~ p] — 72— (cn + p6) loglp]
<
h >0 1
whenp = s 3970 (-4 - ogl1 = o1+ 725 noglp])
1+
ﬁ(zﬁp — ) +1(pb —c)log[l - p] -1 fp (en +p6) log[p]
1
goz0 (o4 —togia = 1+ 1’+pnlog[p])
1 0 0 <m
1 1 5 (¢ +p0p) +1(c +pb)log[L — p] + 17— (cn — p6) log[p]
3 p20 <(1 +m) —logll—pl+n1— log[p]>
1+
= Z (e +pbp) +nlc +pd)logll — p] + 7= (cn — p6) loglp]
o<y, <1
6.2 1- f(m)wy(ALeM)) 6 0 11026 A+n) —log[ll-pl+nT— 5 logle]
: f@m) 2 1
whenp <1-y, < <2(1+ )(1+np)
AR TIAC
1+
T4 (e +PBp) +n(c +pO) log[1 — p] + 12 (en — p6) log[p]
1
6.1 whenp >1— y,. 0 %pZH <(1+n)—log[1—p]+n1fp10g[p]>

S M < Mgy

f(lfp)(mufew(wﬂ)) 1

m+1)P6-c)

5 h(m) = and j(m) = )<— (1= p)log[1 - p] (mpfﬁ +1(p6 — C)) —p(p6 — c) + ploglp] (PG +1 (mP§9 + C)) +

f(lfp)(mpfﬁw(w%)
zZ z z
(c +1n (mp;ﬂ + c)) 1-p) —p(mp;ﬂ +n(pb — c)) +mp76+ n+ 1o - c)>4

)
a +7])(mp§97c)

c)) +p (mpgﬂ +n(pb + c))).

6

f(m)= and g(m) = ) (zﬂ@ﬂ — plog[p] (PG +7 (mﬁ@ - C)) + o1 (mpfﬁ - 0) + (1 - p)log[1 — p] (mpgﬁ +n(pé +

1
7p(p9+11(mp587c
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2 c\/1+np
. | 0 20 5) () < = e

0<y,<1 1
0<y,<1 0<yp<1

2 1 1
1 0<yp<1

No equilibrium

Proof of Theorem 3

From (9) and (10), the expected regret-aversion utility of a driver who is initially located in Zone
A and relocates to Zone B or stays in Zone A, and the expected regret-aversion utility of a driver
who is initially located in Zone B and relocates to Zone A or stays in Zone B, depend again on
multiple cases. Following Theorem 2, no surge multiplier m exists where y, = 1 and yg = 1,

0<ys<land0<yp<1l,0<yys<landyg=1,0oryy, =1and 0 < yp <1, which

. . _ _ . . p _
implies 1 —y, — yp = 0. Thus, we can simplify ety <las p<(1—yga+

p
> (1-ya)a+yp(1-a)

yvg(l—a)andp —yp < (1 -y, — yg)a. Thus < 1 implies a >

1-p
(1-a)+yaa

max {0,&} when 1 -7y, — yp = 0. Similarly, < 1implies a <
(1-vp)

1-Ya— VB
max {0, %}. Thus, we analyze two subcases for each of the cases.
—VYAT VB

1. Wheny, =0andyp =0:

P <
(A-yaa+yp(l-a) —

1.1.When a = max {0, &}, or equivalently, ¢ = p, we have
1-ya—-VB
1-p
(1-yp)A-a)+yaa —

and

]El [uA,A (77 |m! o, a)]

= E, [p@.rnin {1, -7 a -f)/B(l — @) }

—n(mpi6 — c) (1 — min {1' (1—y)a -f-)yB(l —a) })]
V4 p 1

= f <(p9 + n(mpAd — c)); —n(mpA6 — C))Ed/1
0

—9+(Ze )p (Ze )
—p T]mpz Canmpz C|.
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]Ell [uA,B (77 |m, P, a)]

= By | (mpa0 — ). min{ — |

L 1-yp)A—a) +yaa

—(c+n@o +0)) (1 — min {1’ (1- Vg)gl_—pa) + yAa})]

Z 1 Z
=J; (mp/w—c)fdxl = mpEH —c.

]El [uB,A (77 |m, o, a)]

=E, [(p@ — ¢).min {1, d—70a f}’B(l —a) }
— (¢ +n(mpad +c)) (1 ~ min {1' (1-yaa fyB(l —a) D]

z
= f <(P9 +n(mpA6 + C))g — (c + n(mpa6 + c)))%dg
0

= <p9 +n(mpg9 +C)>§—<c+n(mp§9 +c)>.

]E)l [u’B,B (77 |m! o, (X)]

1-p
=E, [mpl@.min{ }

LSy -@ e
—n(pb — ) (1 B mi“{l' (1— ),B)a_—pa) + yAa})]
)

Z 1
= j (mpA0) -dA = mp
0 Z

When y, = 0 and y5 = 0, no drivers relocate from their original zone. For this to occur,
the utility of staying in Zone A must exceed the utility of moving to Zone B for drivers
who are initially located in Zone A, and the utility of staying in Zone B must exceed the
utility of moving to Zone A for drivers who are initially located in Zone B. To find the

range of m where no drivers relocate from their original zone, we evaluate

E; [uA,A (mlm, p, a)] > [E/l[uA,B (mlm, p, 05)] and IE/I[uB,B (mlm, p, a)] >
]E,l[uB,A(nIm, P, a)] fory, = 0 and yg = 0. Then,
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L _
a

Ea[uaa(mim, p, )] > Ea[uas(mlm, p, )] gives us (pf) +n(mp56 - C))

Zg— g — ich impli =2 p £
n (mp > 0 c) > mp 0 — c, which implies m < my; := 2 (a+n(a_p) + pe)' Note that

p

P —— > 0 forn = 0 and p € (0,1) because a > p. Second, EA[HB,B (mlm, p, a)] >

IE,l[uB,A(nlm, P, a)] gives us mp%@ > (p@ +7 (mp%@ + c))f— (c +

Z . . . 2 .
n (mp 5 0+ c)), which implies m > m := p (ﬁ — pie)' Finally, we have

— 2y Y (—P )| =2
my —m; = Z((a+n(a_p) + pe) (a+n(a_p) p0)> 26 = 0. Thus, when a = p, no

: o 2
drivers relocate from their original zone when m € [— (—p -— ) , 2 (—p
Z \a+n(a—p) pb/ Z \a+n(a—p)
: )]
pe/ I’

P—YB . P
< ———
1.2.When o < max {0, 1—)/,4—)/3} or, equivalently, & < p, we have ety >1
and 1P < 1. Then,

(1-yp)(1-a)+yaa
]E/1 [uA,A (77 |m1 P, a)]

=E, [pe. min {1, (1—yDa fyB(1 - a) }

—n(mpA6 — ¢) (1 — min{l, ad=7)a f)/B(l ) })] = fOZ(pH)%dA

= p0.
]E)l [uA,B (77 |m! p, Of)]

1-p }

=E, [(mplﬁ — ¢). min {1' 1-yp)(A—-a)+ya

. 1-p
— (c+n(pb6 +0)) (1 — mih {1’ 1—-yp)(1—a) + yAaD]
z 1-— 1
= fo <(mp/16 +1(pf +¢)) T Z — (c+n(po + C)))Ed’l

_ Z 1-p
= (mpie + n(po +c))m— (c+n(p6 +¢)).
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Ex[up a(mim, p, )]

=E, [(pe — ¢).min {1, -7y a -fyg(l — ) }
— (c +n(mpad + ) (1 — min {1' (1-y)a fy3(1 —a) D]

z 1
=f (p6 — c)=dA =pb —c.
0 Z

]El [uB,B (77 |m! p, (Z)]

1-p
L 1-yp)(1—a)+ yAa}

1000 =) (1 =min{1 o)

= [, [mpl@. min{

z 1-p 1
= f <(mp/10 + n(po — c))m —n(pb — c)>2d/1
0

Z 1-p
= (mp§9 +n(p — C))m —n(pd — o).
To find the range of m where no drivers relocate from their original zone, we evaluate
Ex[uaa(mlm, p, @)] > Ez[uasp(nim, p, @)] and Ex[ug s (nim, p, a)] >

Ea[uB,A(nIm. P, “)] fory, =0andyp = 0. IEa[uA,A(nIm, P, a)] > Ez[uA,B(nIm, P, 05)]

gives us p6 > (mp%@ +n(po + c))i_;z — (c +n(pb + c)), which implies m < my

= % (1 + pie) (H+(;_a)). Note that % > 0 for p € (0,1) because @ < p. Second,

. Z -
Ealuss(nlm, p, )] > Ex[up a(lm, p, @)] gives us (mp;H +1(p6 — c)) =L

L) (1—a+n(p—a)

o =y ) Finally, we

n(pf — c) > pb — c, which implies m > m;, := % (1 —

have my —m; = %(H+(;_a)) (pig — (— p%)) > 0. Thus, when a¢ < p, no drivers

relocate from their original zone when m € E (1 — i) (M) 2 (1 +

pb 1-p 'z
) ()]
po 1-p '

. Wheny, =1andyz = 0:

2.1.a¢ = max {O, %} implies @ = 1 which cannot happen since a € (0,1).
—VAT VB
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2.2.When a < max {0, - py_YB . } or, equivalently, @ < oo, we have
—VAT VB

. P _ . 1-p _ 1-p
min{1, G ey} = Land min {1 ) = e forany

a € (0,1). Then,

]El [uA,A (77 |m! P, (Z)]

=E,; [Pg-min{l' (1-—ya -{[-))/B(l —a) }

—n(mpab — c) (1 — min {1, ad=7)a f]/B(l o })] = J;Z(pe)%dl

= po.

]E/1 [uA,A (77 |m, p, a)]

1-p
Lo ma-o +yAa}

—(c+n(pb +0) (1 - min{l’ (1- yB)(ll_—pa) + mm

=E,; [(mp/w —C). min{

’ 1
- f ((mp/w +1(pd +¢))(1 = p) — (c +n(po + c)))EdA
0

Z
= <mp59 + n(pb + c)) (1—p) — (c+n®o + ).

Similarly,

El [uB,A (77 |m, P, a)]

=E, [(pe — ¢).min {1, -7 -f]/B(l —a) }
— (c +n(mpad + ©)) (1 - min{l, -y a _I:YB(1 —a) }>]

z 1
=f (pf —c)=dA =pb —c.
0 Z
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E; [uB,B (mm, p, 05)]

1-p
L 1-yp)A—-a)+ )/Aa}

— (P8 — ) (1 — min {1, 1= y3)21_—pa) + yAa})]

=E, [mp/w. min{

z 1
— f ((mp/w + 1o —c))(1—p) —n(pb — c))Ed/l
0

Z
= (mpgf) +n(pb — c)) (1—p) —n(pd — o).

Re-arranging [EA[uA,A (nlm, p, a)] < [E;L[uA,B (n|m, p, a)] gives m > %(1 + pie) (1:_—77;)

and re-arranging E; [ug 5 (n|m, p, @)| > Ey[ug . (nlm, p, @) gives m >

%(1 - pie) (11+__?7pp) Because %(1 + pie) (11+_npp) > %(1 - pig) (11+_npp ), drivers from Zone A

will relocate from their original zone and drivers from Zone B will remain in Zone B

when m > %(1 + pie) (1:_—”:).

3. Wheny, =0andyp = 1:

3.1. When a@ > max (O, %) or, equivalently, « > 0, we have
—YAT VB

i P = d = i 1-p =
mm{l’(l—m)mysu—m} Graatrsta — P and min {1’ (1—y3)(1—a)+ma}

1 for any a € (0,1). Thus, [E;L[uA,A(nIm, P, a)], IEA[uA,B(nIm, P, a)],
E; [uB, 2(mlm, p, a)] and E; [uB,B (nlm, p, a)] are identical to Case 4 of Theorem 2.

. . 2
Re-arranging E; [u, 4 (nIm, p, @)] > E;[us 5 (nIm, p, a)] gives m < > (H;'ﬁ + pig)

and re-arranging E; [ug 5 (nlm, p, @)| < Ez|ug s (nlm, p, @)] gives m <

2 c 2 c 2 c .
= (L — —). Because —( P4 —) > - (L - —), drivers from Zone B
Z\1-np+n  pb Z\1-np+n  pb Z\1-np+n  pb
will relocate from their original zone and drivers from Zone A will remain in Zone A
2 c
when m < —( £ —).
Z\1-np+n pb

3.2.When a < max {O, %}, it implies & = 0 which cannot happen since a € (0,1).
—VA— VB

4. Wheny,=0and 0 <yp <1:
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4.1. When a > max {0,&} or, equivalently, @ > max {0, P7V5 }, we have
1-v4-VB 1-vypB
P < 1-p S
oymarratoa = 1 39 G S pyae = 1 ThUs,
EA[UA,A(THW. p, 05)]
=[E [p@ min {1 P }
AT "(I—yda+ysA-a)
. p
—n(mpif —c (1—m1n{1, })]
n(mp ) 1-vpa+ys(1l—a)
Z p 1
= 6 + n(mpAb — c) —n(m /19—c)>—d/1
L <(p n(mp v e (G >

<9+ ( ZH )) p ( ZG )
= mp — —C - mp> —c)
puTn\mpy a(l—vyg) +vs T\"P7

Ej[uap(mlm, p, )]

1-p }

=E, [(mp/w —¢).min {1' 1-vs)(1—a) +y.x

—(c+n(o +0) (1 ~ min {1’ (1- ys)gl_—pa) + yAa}>]
= foz(mp,w — c)%dl = mpgf? —C

E; [uB,A(nIm. P “)]

= E, [(p@ — C)-min{l» (1—y)a -fyB(l - a) }

— (¢ + n(mpa8 +¢)) (1 — min {1' (1—y)a -fyB(l —a) })]

p
Ys) + Vs

Z
- fo <(p9 +n(mpad + o)) a(l—

1
— (c + n(mpao + c)))gdl

=<p9+n(mp§9+c)>a(1_;;)+y3 —<c+n<mp§9+c>>.
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E; [uB,B (mm, p, 05)]

1-p
L 1-yp)A—-a)+ )/Aa}

— (P8 — ) (1 — min {1, 1= y3)21_—pa) + yAa})]

=E, [mp/w. min{

= f Z( A8) ! dA = 2 0
= . mpAd) - dA = mp=0.
To determine the optimal proportion y5, we find an equilibrium point where drivers in

Zone B become indifferent between staying in Zone B and relocating to Zone A. Thus,

we evaluate [E; [uB,B (nlm, p, a)] =E; [uB,A (nlm, p, a)] for y, = 0, which gives

zZ, z p _ z . .
mp - 0 = (pH +7 (mp > 0+ c)) TR e (c +7n (mp > 0 + c)) Solving for yp, it

pp9+(mp§9 +C)(n(p—a)—a)
(mp§9+c)(1—a) (1+n)

follows that yp = . The range at which the equilibrium solution

is valid can be calculated by finding the value of the surge multiplier m in the limit
where y, = 0 and either y5 = 0 or y5 = 1. The respective equations are given by

ppO+(mp28-+c)(n(p=a)-a)

ppo+(mp26-+c)(n(p-a)-a)
N (mp§9+c)(1—a) (1+m)

(mp§9+c)(1—a) (1+4m)

2 c 2 c
(L andm =2 (L 5),
Z\1-np+n pb Z \a+n(a—p) po

0 and = 1 which gives m =

4.2.When a < max {O, &}, or equivalently ¢ < max {0, P=VB }, we have
1-ya— VB 1-vB
p > 1-p <
Coymarrai-a = L3 G S aaryae = 1 Thus,
]E)L [uA,A (nlm: P, a)]
=E [p@ min {1 p }
AT 'A-v)a+ys(1—a)
p z o1
—n(m AB—C)(l—min{l, }>]=J (pB)=dA
e A—yDa+ys(d-a) 0 77

= pé.
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]Ell [uA,B (77 |m, P, a)]

1-p
L 1-yp)A—a)+ VAa}

—(c+n@o +0)) (1 — min {1’ (1- Vg)gl_—pa) + yAa})]

=, [(mp/w - 0). min{

1-p
—vp)(1l—«a

z 1
=f0 <(mp/10+n(p9+c)) a )—(c+r](p9+c))>2d/1

1-p
1-yp)(1l—a

= (mp§6+n(p9+c)> )—(c+n(p9+c)).

Ez[ug,a(nlm, p, a)]

— (c +n(mpad + ©)) (1 - min{l, a4 fy3(1 =) })]

z 1
=f (p6 —c)=dA =pb —c.
0 Z

]El [uB,B (77 |m! p, (X)]

1-p
Yaoma-o+ yAa}

—n(pb — ) (1 B mi“{l' (1— ),B)a_—pa) + yAa})]

= [, [mpl@. min{

—p
1-yp)(1l—-a

= j <(mp/10 + n(po — c)) —n(pb — c))ld/l
0 ) Z

~(mp3 04000 -0 T s b= -0
AN A e [CE A TCEr N

To determine the optimal proportion yz, we find an equilibrium point where drivers in

Zone B become indifferent between staying in Zone B and relocating to Zone A. Thus,

we evaluate E; [ug 5 (lm, p, @)| = Ex[ug 4(nlm, p, @)] for y, = 0, which gives

z 1- : :
(mp S0+ n(p6 — c)) T)(ﬂ—a) —n(pb — ¢) = ph — c. Solving for yp, it follows that

i " (mp§9+n(p9—0))(1—p) T hich th Tibri lution i lid
vp=1-— oot e range at which the equilibrium solution is valid can

be calculated by finding the value of the surge multiplier m in the limit where y4, = 0
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and either y5 — 0 or y5 — 1. The respective equations are given by 1 —

(mpZo+nwo-c))a-p) (mpZo+nwe-o))a-p)

IOt Oand 1 — I TE YT 1. The first equation gives m =
2 _ < _1—0£+7](p—a) . . _ -2 o o
Z (1 > 9) p and the second equation gives m = ~ (1 pe) < 0, which is

infeasible because E; [ug 4(nlm, p, a)] = p — ¢ = 0 from Assumption 3. Thus, m <

2 (1 - L) 1oatne=® 1 61ds. To find the lower bound, we have yg = 1 —
VA po 1-p

(mp§9 +n(p9—6))(1—p)
(p6-c)(1-a) (1+n)

(mp§9 +n(p9—6))(1—p)
(pf-c)(1-a) (1+n)

and @ < 22 Thus, y;, < 2= Solving 1 —
1-yB 1-a

-a . 2 c .2 Cc
£= givesm = - (1 - —) Hence, the range for m is = (1 - —) <sm<
1-a Z po Z po
3(1 _ L) 1-a+n(p—a)
Z o 1-p ’

. Whenyz =0and 0 <y, < 1:

5.1. When a = max {0, %} or, equivalently, ¢ = max {0,#}, we have
—YVAT VB — VA

4 1-p
= >
(1-yvaa+yp(l-a) — 1 and (1-yp)(A-a)+yaa — 1. Then,

]E)l [uA,A (77 |m! P, a)]

=E, [p@.rnin {1, -7 a -l:)/B(l — @) }
—n(mpif — c) (1 — min {1' (1—y)a -f-)yB(l —a) })]

= fZ <(p9 + n(mpA6 — c))L— n(mpA6 — c))ldl
0 a(l_yA) A

B Z p Z

= <p9 +17<mp§9 — C))Cx(l—_yA)—T](mpig — C).

E; [uA,B (mlm, p, “)]

1-p
Lo ma-a +yAa}

—(c+n®o +0)) (1 ~ min {1' (1- yB)(ll_—pa) + )/AaD]

=E; [(mpl@ —0). min{

z 1 Z
=f0 (mpA6 —C)Zdl = mpEH —c.
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]El [uB,A (77 |m, p, a)]

=E, [(pe - c).min{l, -7y a -f)/B(l —a) }
— (c +n(mpad + ¢)) (1 — min {1' (1-y fVB(l —a) }>]

z
_ p
= .[; ((p@ +1(mpad +c)) FCEEA)

)~ (c +n(mpad + c)))%dl
Z Z
= (pe +77(mp§9 +C)>ﬁ— <C +77<mp50 +C>>.

]El [uB,B (77 |m' p, CZ)]

1-p
L 1-yp)A—a)+ )/Aa}

—n(pb — c) (1 — min {1, = VB)(ll__pa) + yAaD]

= [, [mpl@. min{

—fZ( /10)1d/1— Z@
= . mpAf)—dA =mp 0.
To determine the optimal proportion y;, we find an equilibrium point where drivers in

Zone A become indifferent between staying in Zone A and relocating to Zone B. Thus, we

evaluate ]E;L[uA,A(nIm,p, a)] = [E;L[uA,B (mm, p, a)] for yg = 0, which gives

z z z .
(p@ +n(mp59 —c)) a(ll_)“) —n(mpzé? —c) = mp;@ —candthusy, =1—

p(p9+n(mp§9—6)) . ey . .
)" The range at which the equilibrium solution is valid can be calculated

0((1+n)(mp§9—c
by finding the value of the surge multiplier m in the limit where yz = 0 and either y,; —

p(p9+n(mp§9—6))

a(1+n)(mp§9—c) =land1 -

1 or y, = 0. The respective equations are given by 1 —

p(p9+n(mp§9—6)) ) ) . . .
) = 0. Solving for m gives no feasible solution for the first equation

a(1+n)(mp§9—c
because pf > 0 and mp g 60 — ¢ = 0 from Assumption 2, but it gives m =

2 (L + —C) for the second equation, which is the lower bound of the range for m.
Z \a+n(a—p) po
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The upper bound comes from & = max (0, - P ) as follows: y; = 1 —

—Ya

p(p6+n(mp§9—c)) A , . . |
0»’(1+7])(mp§9—c) <1- o which gives m < 7 (1 + p_H) Note that arn(a—p) < 1 since

@ = 2= Thus, ;(Mnfa_p) + p—ce) <m< %(1 + pie)

5.2.When a < max {0, %} or, equivalently, @ < max {0, - py }, we have
—YVAT VB — VA

P 1-p
<
A-yaa+yp(-a) — 1 and (1-yp)A-a)+yaa — 1. Then,

]E/1 [uA,A (77 |m, p, CZ)]

=E, [p@.min{l, AL —f)/B(l — ) }
—n(mpAd —c) (1 — min {1' (1 -y« fy3(1 —a) D]

z 1
= f (pf) =dA = pb.
0 Z

IE)L [uA,B (T] |m' o, a)]

= B | (mpa0 — ). min{ — |

LAy —a) +raa

— (¢ +n(6 + ) (1 — min {1' (1— y3)21_—pa) + )/Aa}>]

1-p

‘ 1
= J;) ((mpl@ +n(po + C))m —(c+n(po + CD)ECM

Z 1-p
= mp59+n(p6+c) =

T—YA) — (C + n(p@ + C))

Ey [uB,A (mlm, p, “)]

= E, [(pe — C)-min{l' -y fyB(l —a) }

— (c +n(mpag + ) (1 - min{l' (1 -ypa fys(l —a) D]

z 1
=f (p6 — c)=dA = pb —c.
0 Z
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E; [uB,B (mm, p, 05)]

1-p
L 1-yp)A—-a)+ )/Aa}

—n(p8h — ) (1 — min {1, 1= y3)21_—pa) + yAa})]

= f <(mp/19 +n(p6 — c))l_—p —n(p6 — c))ld/l
o 1—a(l—y,) Z

=E, [mp/w. min{

1-p

T—a(i—7) n(po —c).

Z
= (mpEH + n(po — c))

To determine the optimal proportion y,, we find an equilibrium point where drivers in

Zone A become indifferent between staying in Zone A and relocating to Zone B. Thus, we

evaluate IEIA[uA,A(nIm,p, a)] = [E;L[uA,B (nlm, p, a)] for yg = 0, which gives pf =

z 1- .
(mp;@ +n(pb + c)) W’i“) — (c +n(ph + ¢)). Therefore, y; =

(1—p)mp§9—(p9+6)(1—a+n(p—a))
a(pf+c)(1+n)

. The range at which the equilibrium solution is feasible can

be calculated by finding the value of the surge multiplier m in the limit where yz = 0
and either y, — 1 or y; — 0. The respective equations are given by

(1—p)mp§9—(p9+6)(1—a+n(p—a)) _ (1—p)mpée—(p6+C)(1—a+n(p—a))

1 and

= 0. Solving for m

a(p+c)(1+n) a(pf+c)(1+n)
. _2 c\ (1+np _2 ¢\ 1-a+n(p-a)
glvesm—Z(l+p6)(1_p)andm—Z(1+p6)—1_p .

A summary of the cases appears in Tables 3-A-12 and 3-A-13.

Table 3-A-12. Result summary for Theorem 3 when a > max {0, %}
“YATVB

o . e
/o of drivers v initially % of drivers yp initially located in

Case located in Zone A relocating Zone B relocating to Zone A Range for the surge multiplier m
to Zone B
3 0 1 0< <2( L C)
=M=z 1-np+n pb
0<yp<1
A
4 0 . pp6+(mp7€+c)(r](p—a)—a) E( p _L)Smsf(ip __C)
Ys = A Z\1=—np+n pb Z\a+n(a—p) po
(mp7€+c)(l—a)(l+n)
2 p c 2 p c
P L IEE—— < — —
1 0 0 Z(a+r/(a—p) p6>_m_Z(a+r](a—p)+p9)
)= =30
5 0<yi<l 0 Z\atn@a—p) "pa)="=7Z\" "8
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p(pB +n(mp%9—6))

a(l+mn) (mp%ﬂ - c)

No equilibrium

0<y,<1 1

0<y, <1

0<yg<1

No equilibrium

0<yg<1

Table 3-A-13. Result summary for Theorem 3 when @ < max {0, %}
“YATVB

% of drivers y, initially located in Zone

% of drivers y} initially located

. X . R: for th Itipli
Case A relocating to Zone B in Zone B relocating to Zone A ange for the surge multipfier m
3 0 1 No equilibrium
. 0<yp<1 2 . ¢ B
4 0 i 7 Z( pB) =m
(mp79+n(p9—c)>(1—p) (1__)1—a+n(p—a)
=1- 0 1—
@0 -0 -a) L+ P ’
2(1 ) 1—-a+nlp—a)
1 0 0 A po 1-p
2 l-a+nlp—a)
< —(1 + —) _
Z 1-p
. 0<ys<1 c 1—a+17(p—a)
. h . ),
(1= p)mp50 — (P9 +c)(1—a+nlp—a) E(1+i)(1+ﬂp>
B apd +c)(1+1n) _Z p8/\1—p
2 c\/1+np
? : 0 7(1+55) (F=5) < m < e
0<y <1 1
: 0<ys<1 ; 0<yp<1 No equilibrium
1 0<yp<1

Proof of Theorem 4

Matching efficiency for Models 14

The optimal surge multiplier and maximum matching efficiency for Models 14 are similar

except for A replacing g in Models 2 and 4 while y; and yz are multiplied by 0

1+a+an
3+n)(1—-a)

Models 3 and 4. The optimal values depend on the regions for m described in Theorem 1. We

first simplify the matching efficiency function as follows:
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P min{S}, D,} + min{S%, Dy}
B n
_ min{(1 —yp)an +yz(1 — a)n, pn} + min{(1 — y5)(1 — a)n + yaan, (1 — p)n}
n

1/1 1 1, 1 .
=~ (551 + Do) = 515k = Dal + 5 (5h + Dp) = 5153 — Dy )
1
= 5 (A= yDan+y;(1 ~ an+pn) = (1 = yan + y;(1 ~ a)n — pnl
+ (A -y5) (- @n+yian+ (1 - p)n) = |1 =y — a)n + yzan — (1 - p)nl )
=1-lp-a(-y) - 1=yl (A4)

From Theorem 1 and Table 3-A-10, which describes the optimal y; and y5 for Model 1, five

regions must be examined for m.

Region I. Wheny, =0,y =1,and m < %(ﬁ — pie)’ the platform’s matching efficiency is
M*=1—-|-1+ p| = psince 0 < p < 1. Hence, the matching efficiency is not a function of m

and the surge multiplier that maximizes the platform’s matching efficiency is any m > 0 where

1

me€ [O, z (— - i)] Note that for the upper bound of the interval to be greater than the lower
Z \2+n pé@

. . c 1
bound, it requires — < —.
po 2+7n

. * « _ pOB+n)(2-mZ)—-4c(2+n) ... . .
Region 2. We have that y, = 0 and yg = 8 (LI (mZi2) within this region and

2(1 ¢ 2(,  cl+2n) . . . O 1 _
7 (2+77 pa) =m=s- (1 p9(3+n))' Thus, the matching efficiency is given by M* =

_ (-a (—4c(2+1)+p8(2-m2)(3+1))
p0(2+mZz)(1+n)

|p -a | Assuming that p — a —

7 *

—a)(~4c(2 6(2-m2z)(3 o . L d
(1-a)(4c@4m)+po@-mZ)G+n) # 0, the first-order derivative with respect to m is either alfn =

p0(2+mZz)(1+n)

~42Q-a)(poGrm—c@im) | o' _ _42(1_a)(_p9(3+n)+c(2+n)), and the second-order derivative is,
pO(1+n)(2+mz)? om pO(1+n)(2+mz)?

. 92 822(1-a)(p8(B+n)—c(2+1m)) M 822(1-a)(-p8B+n)+c(2+1)) . <
respectively, om2 pO(1+n)(2+mZz)3 am2 pO(1+n)(2+mZz)3 - Since

<1

from Assumption 3, depending on the magnitude of pig, we have three cases:
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) 1
1. Casel: —< < —
241 2(2+n) — po 241

The lower and upper bounds of the surge multiplier range are both negative. Thus, there

is no nonnegative surge multiplier in this region that maximizes the matching efficiency.

.. 1 c 3+ 3+
ii. Case2:—<—<—1 <210
2+n po 2(2+n) 247

In this case, the upper bound is positive and the lower bound is negative. Depending on

_ (1-a)(—4c(2+n)+p8(2-mZ)(3+n))
p8(2+mZz)(1+n)

the sign of [p — a , the matching efficiency has regions

that are either decreasing and convex or increasing and concave. However, the lower
bound of the surge multiplier range is negative in this case, which implies that the lowest
feasible surge multiplier must occur at m = 0; this gives M* =1—|p — a —

(1-a)(-2c(2+1m)+p8(3+1))
pO(1+n)

|, which we define as M. Alternatively, at the upper bound of the

2 ( c(4+2m)
1 —

surge multiplier interval, m = > 0 (3+n)) > 0 which gives M* =1 — |p — a.

. - - ‘]
Because we assume — < 341 it follows that (-a)(-2c@+m+poG+n))

S )
po — 2(2+n)’ po(1+1n) 2 0, which

. . . . _ S . . « _ 2 _ c(4+2n)
implies that if @« < p, m* = 0 and M* = M,). Otherwise, if @ = p, m" = ~ (1 p9(3+n))

andM*=1—|p—al.

c 1 3+ 3+
. Case3:—<—< T <=2
po 24n 2(2+m) T 247

In this case, the lower and upper bounds are both positive. Depending on the sign of

—a— (1-a)(~4c(2+m)+p6(2-m2z)(3+7))

|p 8@ emZ) (L) , the matching efficiency has regions that are

decreasing and convex or increasing and concave, which means that the optimal surge

multiplier value is either the lower or upper bound of this region. At the lower bound,

m= %(ﬁ — pig) > 0 and the matching efficiency is M* = p. At the upper bound, m =

2 ( c(4+27m)
1—

7 P9(3+n)) > 0 and the matching efficiency is M* =1 — |p — «a.

_ (1-a)(—4c(2+m)+p6(2-mZ)(3+7))
pO(2+m2z)(1+n)

Note that a critical point also exists when |p — a = 0 because

it marks the boundary between the two continuous regions. Solving for the optimal surge

_ 4c(1-a)(2+n)+2p0(-3+2a—-n(1-p)+p)

and M* = 1. First notice that for
pZ0(3+n—2a(2+n)+p+np)

multiplier gives m* =

176



. 2 _ c(4+211)) _ +) _ 2e(1+n)(—c(2+m)+p(3+1)6)
some € 2 0, a_,pl_lr(l31+n) ( (1 pO(3+n) m)= pZ(2+n)(3+n)0(1+e—p) = 0 and
2(2+m)

> 0 since — < " from
p6 2+1n

lim <m+ 2o ,ﬁ;)) _ 204m(-e4m+pG4mo)i-p)

3+n) Z \2+n pZ(2+n)(3+n)0(1+e-p)
AP 3G+
Assumption 3. This implies that for 2 (1 — C(4+2n)) >mt>2 (L - —) > 0or

Z pO(3+n) 2+n  p6

E( - C(4+2n)) >m*t>02 E(L——) we must have & < p and M* = 1. If
Z pO(3+1) Z \2+n 0
2(1 -2 > 0 2 m* 2 2 (- — 2, it follows that m" = 0 and M* = M,. Otherwise,
Z pO(3+1) Z\2+n pb

c(4+217)) . " 2 ( _ c(4+217)) and

when a > p, it follows that m* > 2 (1 - , which means that m* ==(1
z pO(3+7m) z pO(3+n)

M*=1—|p—a|. Thisholdsbecause 1 — |[p—a|=1—-(a—p)=p+1—a > p.

. . _ . _ 2 (.  c(4+2n) 2 c(4+2n) R
Region 3. Wheny, = 0,y = 0, and p (1 p9(3+77)) =ms- (1 + P9(3+n))’ the platform’s

matching efficiency is either M* = 1 — (p — &) or M* = 1 — (a — p). This is equivalent to
M* =1 — |p — a|, which is not a function of m. Thus, the surge multiplier that maximizes the

o))z (L ecem)]

platform’s matching efficiency is any m > 0 where m € E (1 -

3 +n)(mp§9—p9)—c(4+ 2n)
(1+n)(p9+mp§9)

Region 4. We have that y, = and yz = 0 within the range

2 (1 + M) <m< %(1 + pie) (2 + 1), and the matching efficiency is given by M* = 1 —

Z p0(3+n)
| _ 4ca(2+n)+2p9a(4—mz+2n)|. Assuming that p— 4ca(2+n)+2pba(4—mzZ+2n) + 0’ the first-order
p0(2+mZz)(1+n) p0(2+mZz)(1+n)
e e om* —-4Za(pb(3 2 om*  4Za(po(3 2
derivative is either 20— = (poG+n)+e@+m)) or 2L — A(pOG+n)+( +17))’ and the second-

om pB(1+n)(24+mZz)? om pO(1+n)(24+mZz)?2

.. . 92m*  8Z%a(p8B+n)+c(2+m))  92M*  —8Z2%a(p6(3+n)+c(2+n))
order derivative is, respectively, o =

po(1+n)(2+mz)3 om?2 po(1+n)(2+mz)3
This implies that the matching efficiency has regions that are decreasing and convex or

increasing and concave, which means that the optimal surge multiplier is either the lower or

c(4+2m)

pO(3+7n )) then M* =1 —|p — a| butifm =

upper bound of this region. If m = - (1 +

2 c O — 1 _
E(1+p—9)(2+n),thenM =1-p.
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. 4ca(2+n)+2pba(4—mzZ+2n)

Note that a critical point also exists when |p 8 rmZ) (L)

| = 0 because it marks the

boundary between the two continuous regions. Solving for the optimal surge multiplier gives

_ 4a(2+n)(c+p0)—-2p(1+n)6p

= i 2 < _
and M* = 1. However, notice that - (1 + p9) 2+n)

pZ8(2a+p+np)
2a(24n)(ctp6) 2p(1+n)8p _ 2 +mc(2tn)+p(3+7)0)p = 0 for all feasible parameter values but
pZ8(2a+p+np) pZ8(2a+p+np)
4a(2+n)(c+pf)-2p(1+1m6p 2 c(a+2m)\ _ 4@+n)(c+n)+p6(3+n)) _ .
pZ0(2a+p+np) Z( p9(3+11)) T pzZ(B+m)OeRa+p+np) (a p)’ which depends on
whether « > p. Thus, m = 2a(2+n)(c+p6)-2p(1+n)6p is always less than the upper bound of the

pZ0(2a+p+np)
region but may or may not be greater than the lower bound. As a consequence, if @ > p then

2

=1lorelse, m" == (1 + c(4+2n)
z

mt = 4a(2+n)(c+pB)-2p(1+1)6p and M1*
p6(3+n)

pZ0(2a+p+np)

)andM*zl—Ip—aI

because whena < p,1—|p—al=1—-p+a>1—-p.

Region 5. Wheny, = 1,y5 =0,and m > %(1 + pig) (2 + n), the platform’s matching
efficiency is M =1-—| p| = 1 — p, which is not a function of m. Thus, the surge multiplier that

maximizes the platform’s matching efficiency is any m € E (1 + pig) 2+n), mmax].

Matching efficiency for Models 5—6

The optimal surge multiplier and maximum matching efficiency for Models 5 and 6 are similar
except for A replacing g for Model 6 and depend on the regions for m described in Theorem 2.

The matching efficiency function is from (A4). From Theorem 2 and Table 3-A-11, which

describes the optimal y, and y5 for Model 5, five regions must be considered for m.

c

Region 1. Wheny; =0,y = 1,and 0 SmSE( £

7\ 7 9), the platform’s matching

efficiency is M* = 1 — |—1 + p| = p as 0 < p < 1. Thus, the surge multiplier that maximizes

. . . . E p _ <
the platform’s matching efficiency is any m € [0, ~ (1_1”)+77 > 9)]'
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. x _ £ _ 2(,___ <
Region 2.1. Wheny, =0,y =1, andz (1—np+n 00

)Sms

if—Z(po—C)Hz(pG—C) log[l—p]—ﬁ(cnﬂoe) log[p]

, the platform’s matching efficiency is M* = 1 —
%p29<(1+n)—10g[1—p] +ﬁn10g[p]>

|-1+4 p| = p as 0 < p < 1. Thus, the surge multiplier that maximizes the platform’s matching

p
1-np+n

: ) 2
efficiency is any m > 0 where m € E(

147 P
c) 1=pPOP=0)+n(pb-c)logl1-pl-—2(cn+pb)loglp]
)

6
P %p29<(1+n)—log[1—p] +ﬁn10g[p]>

Region 2.2. When y; = 0, y5 = 1 — h(m)"W (@ e/™"), and 2 (1_n’; —_— pie) <m<

ﬁ—Z(pHp—C)H?(pG—C) 10g[1—P]—$(6n+p9) log[p]

, assuming p — yg = 0, the platform’s matching
§p29<(1+n)—log[l—p] +ﬁnlog[p])

efficiency is M* = 1 — |1 -p— (A —-a)h(mW (—1 ej(m))|. First assume that
h(m)
|1 —p— {1 —a)h(mW (ﬁ ej(m))| # 0. The first-order derivative is ‘ZI‘: =

+“’”WQ&$”M)( (2

1+W( L ef(m)) h (m)

el (m)) h'(m) + h (m) j’(m)). We must evaluate all points at
h (m)

which the first-order derivative is either zero or undefined. Four such cases exist:

1. Casel: W (; el (m)) = 0. There is no m that satisfies this condition.

h (m)
i1. Case2: W (ﬁ e’ (m)) = —1. No closed-form expression exists but there is an analytic
solution where m** solves the following equation: j(m**) — log[-h(m**)] = —1.

Analyzing the matching efficiency, we obtain M* =1 — |1 — p + (1 — a@)h(m™")|. The

validity of this solution depends on whether h(m) < 0, which does not always hold.

—(1-p)(mpZ0+n(po—c))
m+1)(po-c)
- (1—p)103[1—p](mp§9+n(pH—C))—p(pG—c)+p loglp] (p6’+11(mpég+6))+(C+n(mpfe+C))(1—p)—p(mpfe+n(p9—6))+mp§9+(n+1)(p6—c)

—(1—p)(mp§9+n(p6—c))
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iii. Case3: W (ﬁ el (m)) h'(m) + h (m)j'(m) = 0. The left-hand-side of this equation is

independent of m, which implies there is no root. However, this does indicate that we

: . 2
must evaluate the endpoints of the interval = ( P _ i) and
Z\1-np+n  pb

T POp=0)+1(pO~C) log[1-pl~L-(cn+p6) log[p]

- as there may exist parameter values where the
5p29<(1+n)—10g[1—p] +ﬁn10g[p]>

first-order derivative is strictly positive/negative.

iv. Case 4: There exist certain cases where m = 0. When this occurs, we define My = 1 —

|1 —p— (1 - a)h(O)W ($e1<0>)|.

Finally, we must also evaluate the critical point impliedby 1 —p — (1 —

a)h(m)W (L el (m)) =0or W (L el (m)) =P Re-arranging and simplifying, we

h(m) h(m) T (1-a)h(m)
147 p
. — (pab-c)+n(pb-cllog[1-a]-——(cn+pH)log[p] _
obtain m* = =% LA and M* = 1.
gpze<(1+n)—1og[1—a]+ﬁnlog[p])
To characterize the extreme points, first notice that m* > 2 ( £ __ i) for all feasible a.
Z\1-np+n  pb

/]

Thus. if p > J 1_p(p@p—c)+n(p49—c) log[l—p]—ﬁ((;n_ﬂgg)log[p]
us, 11 p =2 @ an

> 0> m', thenm* = 0 and
§p29<(1+n)—10g[1—p] +ﬁn10g[p]>

M* = M, because M, < M* = 1 occurs at a negative value and is decreasing (by definition) as

we move away from that point. Otherwise, if p = « and

1+ P
— (pOp—c)+n(pd—c)logli—pl-——(cn+pb)loglp] _ o
1P 1P >mt > 0, then m* = m* and M* = 1 as this is the

1
;pze(mn)—log[l—p] +ﬁnlog[p])

maximum matching efficiency that can be obtained. Finally, since

T P8p=0)+1(pO~C) log[1~pl—L-(cn+p6) log[p]

— m* in the limit as @ - p, then m* =
§p29<(1+n)—10g[1—p] +ﬁn10g[p]>
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T2 (PBp—C)+1(po~0) log[1~pl—12-(cn+p6) loglp]

when p < « as we have that m* >
%p29<(1+n)—log[1—p] +ﬁnlog[p])

1+
ﬁ(pep—dﬂi(w—d log[l—p]—ﬁ(cnﬂ)@ log(p] - 2( p c )

= Z\1-np+n  po
%p29<(1+n)—log[1—p]+ﬁnlog[p]) e P

1+

(pbp—c)+n(pb-c) log[l—p]_L(Cm_pe) log[p]
Region 3. When y; = 0 and y; = 0 and =2 P

<m<
%pZG((Hn)—IOg[l—p] +ﬁn10g[p]>

T Hc+pBp)+(c+p6) log[1-pl+72-(cn—p6) log[p] , . o
, the platform’s matching efficiency is M* = 1 +

gpze<(1+n)—log[1—p]+nﬁ log[p])
|p — a|. Thus, the surge multiplier that maximizes the platform’s matching efficiency is any m €

ﬁ—Z(pGp—CHn(pB—C) log[1-pl~72>(cn+p6) loglp] i_LZ(C+p9p)+n(C+p6)log[l—p]+ﬁ(cn—p9) log[p]

)

%p29<(1+n)—10g[1—p] +ﬁnlog[pl) %pze<(1+n)—log[1—p]+nﬁlog[p1>

Region 4.1. When v}, = 1 — f(m)°W (ﬁ e9(™™), y = 0, and

oK c+pBp)+(c+p6) log[1-pl+72-(cn—po) log[p]

2 c 1+np .
Sm<-(l+=)(=—),assuming p <1 — Yy, ,
%pZO((1+r/)—log[1—p]+nﬁlog[p]> Z( ) ( 1-p )

the platform’s matching efficiency is M* = 1 — |p —af(m)W (ﬁ ey (m))|. First assume that

7 *

1

|P —af (m)W (% ey (m))l # 0. The first-order derivative is Z]:l =

n aW(f(lm)eg (m)) (W( 1

- 1+W(f ——eg (m) f(m)

(m)

ed (m)) f'(m) + f (m) g’(m))). Note that we must evaluate all

points at which the first-order derivative is either O or undefined. Thus, three cases exist:

i. Case I: W(;eg (m)) = 0. This implies that m = pzéand M*=1-|p|.

f (m)
i1. Case2: W (ﬁ ed (m)) = —1. No closed-form expression exists but there is an analytic
solution where m** solves the following equation: g(m**) — log[—f(m*™*)] = —1.

—p(p6+n(mp§9—c))
(1+n)(mp§6—c)
_ pﬂp—plog[p](p9+n(mzéﬂ—C))+mz(mp§9—0)+(1—p)10g[1—p](mp§9+n(p9+c))+ﬂ(mp§9+n(p9+6))

—p(pé’ﬂ](mpge—c))

®f(m) =

% g(m)
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Analyzing the matching efficiency, we obtain M* = 1 — |p + af (m**)|, which is a valid

solution since f(m) < 0 owing to Assumption 2.

iii. Case3: W (ﬁ e9 ™) f'(m) + f (m)g’(m) = 0. The left-hand-side of this equation is

independent of m, which implies that there is no root. However, this does indicate that we

must evaluate the endpoints of the interval

1+
T (c+pBp)+1(c+p) logli—pl+E-(cn-p6) loglp] 2 (1 c ) (1+,7p

and = 8

Z ) as there may exist

1_
§p29<(1+n)—10g[1—p]+nﬁlog[p]> P

parameter values where the first-order derivative is strictly positive/negative.

Finally, we must also evaluate the critical point implied by p — af (m)W (ﬁ eg(m)) =0or

1 Lgm)) = _P ) : TR ot
w ( o € ) TS Re-arranging and simplifying, we obtain m

147 a 1-p a
— (c+pad)+—n(ct+pd)(—-)log[1—p]+—(cn-p&)log[a] . .
1@ =z ( 2 ) 172 and in this case, M* = 1.

§pze<(1+n>+ﬁnlog[a]—L(l‘T")log[l—p])

1-a

1+7p

) > m™ for all feasible a; and
1-p

To characterize the extreme points, notice that (i) 2 (1 + pie) (

i—z(6+p6p)+n(6+p6) log[l—p]+ﬁ(cn—p9) log[p]

(iym* > for p < a, with equality achieved in the

1
5p29<(1+n)—10g[1—p]+nﬁ10g[p]>

>mt >

.. * __ + Vi* — i E < M
limitas @« = p. Thus, m* = m™ and M —1whenpSaSlnceZ(1+p9)(1_p)

oK c+pBp)+(c+p6) log[1-pl+72-(cn—p) log[p]

- . However m* =
51)29((1+11)—10g[1—p]+17ﬁ 10g[p]>

oK c+pBp)+(c+p6) log[1-pl+72-(cn—p6) log[p]

when p > «a since z (1 + ie) (ﬂ) =
%pZG((1+n)—log[1—p]+nﬁ 10g[p]> z P 1=p

T Hc+pBp)+(c+p6) log[1-pl+72-(cn—p6) log[p]

> m™ holds in this case.
%pZG((1+n)—10g[1—p]+nﬁ 10g[p]>
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T4 (c+p0p)+1(c+p8) log[1-pl+72-(cn-p) logp]

Region 4.2. Wheny, = 1, y5 = 0, and <m<

§p29<(1+n)—10g[1—p]+nﬁlog[p])

%(1 + pie) (1+np ) the platform’s matching efficiency is M* = 1 — |p| = 1 — p. Thus, the surge

multiplier that maximizes matching efficiency is any m €

147 p

— (c+pOp)+n(c+pb) log[1-p]+——(cn—pb)log[p]

<2(145)(52)
Z po

<m
1_
%p29<(1+n)—10g[1—p]+nﬁ10g[p]> p

Region 5. Wheny,; =1,y =0,and m > = (1 + ) (11+_npp ), the platform’s matching efficiency

is M* =1 —|p| = 1 — p . Thus, the surge multiplier that maximizes matching efficiency is any
2 £ (Ltne
m € [Z (1 T pG) ( 1_p):mmax]-

Matching efficiency for Models 7-8

The optimal surge multiplier and maximum matching efficiency for Models 7 and 8 are similar
except for A replacing g in Model 8 and depend on the regions for m described in Theorem 3.
The matching efficiency function is from (A4). From Theorem 3 and Table 3-A-12 and 3-A-13,
which describes the optimal y, and yz for Model 7, four regions exist for m when a >

P—VB

VA VB

max {0, %} and also four regions when @ < max {O, T
“YATYB

} as follows.

* *

YA~ VB

1- When a¢ > max {0, ﬂ}:

. * * 2
Region I. Wheny, =0,ypg =1,and 0 < m < p (H;'ﬁ pe) the platform’s matching

efficiency is either M* = 1 — |—1 + p| or M* = p which yield identical solutions. For the

upper bound of the interval to be greater than the lower bound, it requires —9 =T n‘; ot

Under this condition, the surge multiplier that maximizes matching efficiency is any m €

0. 2 (= —a)
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0+(mpZ0+c)(m(p-a)-a)
Regi0n2.Whenyj=0,y§=pp (mpz0+c)antp—a a, ndE(L—L)SmS

(mp§9+c)(1—a) (1+n) Z\1-np+n pb

2 p _c , . . s 4 (2c+p(-2+mZzZ)0)p
p (m > 9)’ the platform’s matching efficiency is M* = 1 (L Getmpz6) | We
first note that —— = £ > 0 for any choice of p and 7. Thus, for the upper bound of

1-np+n  1+n(1-p)

2(1-a)(1+n)p
z(1+n(1-p))(a+n(a—p)) =

the interval to be greater than the lower bound, it must be that

which holds if ¢ > % p where 12—77 < 1; we utilize this property in the rest of the proof of

- 6 e e oM
(2c+p(-2+mZ)8)p # 0, the first-order derivative is either wlys
(1+n)(2c+mpz0o) om

Region 2. Assuming

-2p%26%p or oM 2p?%Z6?%p
(1+n)(2c+mpbz)? am ~ (1+n)(2c+mphz)?’

and the second-order derivative is, respectively,

M 4p372%63p or %’ —4p32203p
am2  (1+n)(2c+mp6Zz)3 am2  (1+n)(2c+mpOZz)3’

Depending on the magnitude of piH’ we

have three cases:

. (o
i. Casel:—2— < P <—
1-np+n — at+nla—-p) — pb

The lower and upper bounds of the surge multiplier range are both negative. Thus, no

surge multiplier exists in this region that maximizes matching efficiency.

1. Case 2: 1—np+n > m
The upper bound is positive and the lower bound is negative. Depending on the sign of

(2c+p(-2+m2)0)p
(1+n)(2c+mpZz0)

, the matching efficiency function has regions where it is strictly

decreasing and convex or increasing and concave. However, in this case, the lower bound

of the surge multiplier range is negative, which implies that the smallest feasible surge

multiplier occurs at m = 0; this gives M* = 1 — %L which we define as M,,.
. . _ E p _c .
Alternatively, at the upper bound of the interval, m = p (—a+n « 7 9) > 0, which

yields M* =1 — |p — a.

<L <P
1-np+n — a+nla—p)

(5
1. Case 3: —
po
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The lower and upper bounds are both positive. Depending on the sign of

(2c+p(—-2+mZz2)0)p
(1+n)(2c+mpZz0)

|, the matching efficiency function has regions that are strictly

decreasing and convex or increasing and concave, which means that the optimal surge

multiplier is either the lower or upper bound of its interval. At the lower bound, m =

2 P c . . N S B
7 (1—77p+n - p_e) > 0 and the matching efficiency is M* =1 — |—1 + p| = p. At the

upper bound, m = %($ — pie) > 0 and the matching efficiency is M* = 1 —

|p —al.Whena = p,then1 — |p —a| =1 — a + p = p and the upper bound yields a
higher matching efficiency.

(2c+p(-2+mZz2)0)p
(1+n)(2c+mpZz0)

Note that a critical point exists when = 0 since it marks the boundary

between the two continuous regions. Solving for the optimal surge multiplier gives m* =

2(pf-c) <

and M* = 1. Notice that m* — 2 (L - ) = 0 for all feasible parameter values

pZ0o Z \1-np+n  pb
. 1 2 p c + - .-
since we assumed ——— > 0. However, = ( ————= — — ) — m™ is positive only when
a+n(a-p) Z \a+n(a—p) po
p—a . + 2 p c + . .
———— > 0. Thus, if a = p, then m™ > = (————=——) and m™ is an invalid surge
a+n(a—p) Z \a+n(a-p) po

P CN_ats + - .
atn(a—p) pe) m™ > 0 and m™ is the optimal surge

multiplier. If p > a, then % (
multiplier. Note that m™ is a critical point and the matching efficiency function is continuous
for all m # m™. From the previous analysis of the first- and second-order derivatives, the

matching efficiency is increasing and concave for m < m™* and decreasing and convex for

m>m".
Putting the cases together, if @ > p, then m* > 2 (L — i) =>0= E( —— i) or
Z \a+n(a-p) pb Z\1-np+n pb
m*t > 2 (; - —C) > E( ——— i) > 0. It then follows from Cases 2 and 3 that
Z \a+n(a—p) pbo Z\1-np+n po
O — 1 _ _ « _ 2 p _ i) . . . . .
M*=1—-(a—p) andm” = ~ (—CW7 @ p o) Since the matching efficiency function is
. . 2
increasing and concave form < m*. If p = «, then 0 < —( e i) <m*<
Z\1-np+n  pb
z(;——C) orz(L—i) <0<m*< E(;—i) and it follows that
Z \a+n(a—p) po Z\1-np+n po Z \a+n(a—p) po
. . . . 2
m* = m™ because M* = 1 (the maximum efficiency value). If p = « but —( £ _ i) <
Z\1-np+n pb
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+ E 4 __c * Af* — : :
m* <0< p (—a+n(a_p) pe)’ then m* = 0 and M* = M, as the matching efficiency

function is decreasing and convex for m > m*.
. * % 2 p [ 2 p c
= = _— )< < -|— -
Region 3. Wheny, = 0,y = 0, and p (a+n(a_p) pe) =m=- (a+n(a_p) + pe)’ the

platform’s matching efficiency is M* = 1 — |p — a|. Thus, the surge multiplier that

.. . . . 2 p AN p <
maximizes matching efficiency is any m € [Z (—CH77 s i 9) 'S (—a+n ) + . 9)].

p(p9+n(mp§9—6))

a(1+n)(mp§9—c)

Region 4. We have thaty, = 1 — and yg = 0 within the range

E(L + —C) <m< % (1 + pie)’ and the matching efficiency is given by M* = 1 —

at+n(a-p) pb
(2c+p(2—-m2)0)p . (2c+p(2-m2z)0)p . . .. om*
—| Assuming ———————— # 0, the first-order derivative is either =
(1+n)(2c—-mpZz0) (1+n)(2c—mpz06) om

F*

—2p%Z6%p or oM* 2p%76%p
(1+n)(2c-mpBz)2 am ~ (1+7n)(2c—-mpOz)?’

and the second-order derivative is, respectively,

M 4p32203p or %’ —-4p37263p
am2  (1+n)(mp0z—-2¢)3 am2  (1+n)(mp0z-2¢)3

This implies that the matching efficiency

function has regions that are decreasing and convex or increasing and concave (by

Assumption 2) and a valid surge multiplier is either the lower or upper bound of this region.

(2c+p(2—-m2Z)6)p

Further, the critical point RS Y y——

= 0 is equal to the upper bound of the surge
multiplier interval. Thus, m* = %(1 + pig) with M* = 1 since 1 — |a — p| is the matching

efficiency function at the lower bound of the surge interval. To ensure % (1 + pie) =

2 (L + —C), it follows that 2+n)a—p) = 0 which requires a < L p (in which case
Z \a+n(a—p) po Z(a+an-np) 147

both the numerator and denominator are negative) or & = p (in which case both the

numerator and denominator are positive).

2- When a < max {0, %}:
—Ya~VB
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Region I. Wheny, =0,y =1 —

(mp§9+n(199—€))(1‘/’) 2 (1 _ L) <m<

Po-0-a) 1tn) * 7 0

2 (1 — i) M, the platform’s matching efficiency is M* = 1 —

z po 1-p
1
2

(2c+p(-2+m2Zz)0)(—1+p)
(1+m)(c-p0)

. (c+p(-2+m2)6)(—1+p) e 6_M* _ —pz6(1-p)
Assuming T (e—p) # 0, the first-order derivative is either om0 (60
oM* _ pz6(1-p)

o = 20— Thus, the matching efficiency function is linearly increasing or

Cc

decreasing over the interval. If m = z (1 — —), then M* = 1 and if m = 2 (1 —
Z po Z

piG) 1_“+Z)_a), then M* = 1 — |p — a/|. Note that the critical point is equal to the lower

bound in this case. Since 1 — p% > 0 from Assumption 3, two cases must be considered:

i. Case lzm > 1:
1-p

The entire range yields nonnegative surge multiplier values. Given the analysis above, we

havem*=§(1—pi9)as121—|p—a|andthus1\71* =1.

ii. Case 2: Loatn(p-a) <1
1-p
The lower surge multiplier is positive and exceeds the upper bound (which is negative if
1_“+(pp_a) < 0). Consequently, this case is inadmissible.

Region 2. When y; = 0,y = 0,and 2(1 —pie) (H‘j”f?‘“)) <ms<2(1+

c ) (1—a+n(p—a)

6 T, ), the platform’s matching efficiency is M* = 1 — |p — a|, which is not a

function of m. Thus, the surge multiplier that maximizes matching efficiency is any m > 0

where m € E (1 - p%) (1_“+f:_a)) ,%(1 + ple) (H+(;_a))] Note that for the upper

4c(1-a—an+np) >0

bound of the interval to be greater than the lower bound, it requires Z001_p)

D 1 1
which implies ¢ < — + Lp where — < 1 and — < 1.
1+n 1+n 1+n 1+n
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(1—p)mp§9—(p9+6)(1—a+n(p—a))
a(pf+c)(1+n)

Region 3. We have that y; = and yg = 0 within the range

2 c\ 1-a+n(p-a) 2 c 1+np . . . ..
= (1 + p—e) -0, S=m=; (1 + p_e) (—) while the matching efficiency is given by

4 1-p 1-p
M =1-2 (2C+p(2_mz)9)(_1+p)|. Assuming (2ctplz-mZ)6)(—14p) o, 0, the first-order
2 (147)(c+p0) (1+n)(c+p0)
oM* _ —-(1-p)pzZ6 om* _ (1-p)pz6

derivative is either which implies that the matching

am ~ 2(pf+c)(1+7m) am  2(p8+c)(1+7n)

efficiency function is either linearly increasing or decreasing over the interval. Thus, a

feasible surge multiplier must occur at the lower bound m = % (1 + = ) M, which

pe)  1-p
. O 1 1A _2 €\ (1tnp : . U —
yields M* = 1 — |p — a|, or at the upper bound m = ~ (1 + pe) (—1_p ), which gives M* =

1-|pl=1-p.
Note that m* = %(1 + pig) > 0 is a critical point that can be obtained by solving

(2c+p(2—-m2)0)(—1+p)
(1+n)(c+pb)

— : 7 — 2 C\(itnp\ 4
= 0 and gives M* = 1. Further, ~ (1 + pe) ( P ) m™ = 0 for all

1-atn(p—a) _ 2(1+n)(C+p0)(a—p)’ which
1-p pZ0(1-p)

feasible parameter values and m* — 2 (1 + —C)
Z po

depends on whether @ > p, or not Thus, to obtain M* =1, m* = m* and we must have a >

c) 1-a+n(p-a)

— , which follows because M* = 1 —
po 1-p

p. Otherwise, when a < p, m* = %(1 +

1-a+n(p—a)

lp—al =1—-p+ a>1-—p.Finally, while T,

< 0, it can only occur if @ = p and

m* = 0, which yields M* = 1 — (1‘75) < 1 (suboptimal).

. . . 2 1+ , .
Region 4. Wheny, =1,y =0,and m > 7 (1 + pie) ( 1_";), the platform’s matching

efficiency is M* = 1 — |p| = 1 — p, which is not a function of m. Thus, the surge multiplier

that maximizes matching efficiency is any m € E (1 + pie) (11+_11pp) , mmax] .

Proof of Theorem 5

Profit for Models 14
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The optimal surge multiplier and maximum profit for Models 14 are similar except for 1

replacing g in Models 2 and 4 while y; and yz are multiplied by % LA i Models 3 and 4.

3+n)(1-a)
The optimal values depend on the regions for m described in Theorem 1. We first simplify the

profit function as follows,

" = p(1 — 6) min{S}, D4} + mpA(1 — ) min{S3, Dy}
1 1 1 1 1 1
= Ep(l —0)(Sy + Dy — |S4 — Dal) +§mpl(1 — 0)(Sg + Dg — |Sg — Dgl)

= %np(l —-6) ((p +a(l—yy) +ys(1— a))(l —mA) + 2m/1) —

“np(1—0)(1 +mD)lp — a(l-y;) — 1 - )yzl.
(AS)

From Theorem 1 and Table 3-A-10, which describes the optimal y; and y5 for Model 1, five

regions for m exist.

Region 1. Wheny; =0,y = 1,and m < %(ﬁ — pie)’ the platform’s profit is [T* =

%np(l - 9)((,0 +1D(1—-—mA)+ 2m/1) — %np(l -0 +mA)|p—1|=npp(1—-0)as0 <

p < 1, which is not a function of m, and the surge multiplier that maximizes the platform’s profit

is any m = 0 where m € [O, % (ﬁ - pie)]' Note that for the upper bound of the interval to be
greater than the lower bound, it must be that L
po 247
. . _ « _ pO(3+n)(2-mZ)-4c(2+n) 2(1 ¢ 2 _ c(4+2m)
Region 2. Wheny, =0, yp = pO(1+n)(mZ+2) »and z (z+n pe) =ms= z (1 p6(3+n))’
.o _ 1 _ o _ (1-a)(4c+n)+p(-2+mZz)(3+n)06) _
the profitis I1* = . np(1—0) (Zm/l (-1 +ma) (a +p oGt mD) im0 )
o (1-a)(4c(2+n)+p(-2+mZz)(3+n)6) . o
1+ma) |a p o2t mD) im0 ) Assuming @ — p
(-a)(c@in)tp(-24mz)G+n)) 0, the first-order derivative is either o _
p(2+m2)(1+n)6 am

n(=1+6)(4cZ(-1+a) (2+1)+pO(-42(~1+@) B+n) - (2+mZ2)2 (1+n)A+(2+m2)>(141)Ap))  af*
(2+m2)2(1+n)0 or am
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2nl(—1+a)(—1+9)(4c(2+7])+p9(—4+mZ(4+mZ)(2+n)))
(2+mZz)2(1+n)0

, and the analysis of the first-order conditions for

pOA(1-p)(1+7)

JZ(l—a)(p9(3+n)—c(2+n))> } or {m L2 <_1 N (p9(3+77)—6(2+n))> 2 <_1 B
3 7 ) 1104 7

optimality give either {ml - %(—1 + \/Z(l_“)(pe(3+”)‘c(2+77))> m, - %(_1 _

pOA(1-p)(1+7) pO(2+n)

(pO(B+m)—c(2+n))
p6(2+n)

> } Notice that m, and m, are negative and thus, infeasible. This implies that

. PRI L1 & 2(1-a)(1-6)(po -
only m; and ms are viable. The second-order derivative is 2 H2 _ S22 -0 (-6)(po G+ —c2+m)
om (1+n)6(mz+2)3

21* —_ — —
O _ 16n220-a)(1-0)(pO(G+m) C(2+n)). Since — < 1 from Assumption 3, depending on the

or om?2 (1+n)0(mz+2)3 p6 —

. C
magnitude of oo e have three cases:

The lower and upper bounds of the surge multiplier range are both negative. Thus, no

nonnegative surge multiplier exists in this region that maximizes profit.

.. 1 c 3+ 3+
1. Case2:—<—< T <=2
24+n — pb 2(2+m) T 247

The upper bound is positive and the lower bound is negative. Although m, and m; can be

positive, they are infeasible surge multipliers for two reasons. First, the second-order

.. 0211
derivative at m, equals to
1 q amz

np?Z(1+n)(1-60)01%(1—p)

\/pHZ)L(l—a)(1+n)(p9(3+n)—c(2+7]))

(m->my) = > 0 and the

.. a21*
second-order derivative at ms equals to Py (m-m3) =

2np(24+1)Z(1-a)(1-6) JpeA<z+n)(pe(3+n)—c(z+n>)
1+ (po(3+m)—c(2+n))

> 0, which implies that m, and m; are

local minima. Second, both second-order derivatives are positive, which implies that the
profit functions are convex under these assumptions. Thus, the optimal surge multiplier
value is either the lower or upper bound of this region. However, the lower bound of the

surge multiplier range is negative, which means that the lowest feasible surge multiplier

(1—a)(p9(3+r))—20(2+n))) _

is oives [I* = = —
must occur at m = 0; this gives II" = - np(1 —0) ((a +p+ mTESY:
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(1-a)(p8(B+n)—2c(2+7m))
p(1+n)0

a—p+ >, which we define as II,. Alternatively, at the upper

c(4+2m)

bound of the interval, m = 2 (1 —
Z pO(3+1)

) > 0and fi* = %n(l -0) <<4p,1 +

4c(2+nA(—2+a+p)
(3+n)6

+p(Z = 22)(a + p)) ~(p@z+21) - %) o — p|), which we

3+ (1-a)(po(3+n)—2c(2+n)) -

define as I1,. Because we assume L < , it follows that > 0.
po — 2(2+1) pO(1+n)
If o = p, the difference between the profit functions is 2n(1-)A-0)((pO3+m)-2¢(2+m)A =

Z(3+1n)6
0, which implies IT* = I1, as I1, > I1,. Otherwise, if & < p, we have IT* = max {I1,, I, }.

c 1 3+ 3+
iii. Case3:—<—<—1 <210
po 24n 2(2+m) T 247

For the same reasoning as in Case 3, the optimal surge multiplier value is either the lower

1 c

(— — —) > 0 and the profit

or upper bound of this region. For the lower bound, m = z vy

Z

is IT* = np(1 — 8)p, which is independent of m. Since the difference between the profit

2n(1-a)(1-0)((p83+n)—2c(2+n))A
Z(3+n)6

functions is > 0, it implies that for this case, [T* = II,.

_ (1-a)(@c(2+n)+p(—24+mZ)(3+n)6O)

Note that a critical point also exists when |a — p G AmZ)(Limo

= 0 since it

marks the boundary between the two continuous regions. Solving for the optimal surge multiplier

_ 4c(1-a)(2+4n)+2p6(-3+2a-n(1-p)+p)

and IT* =
pZO(3+n—2a(2+n)+p+np)

givesm* =

n(l—9)(—46(—1+a)(2+n)/1(—1+p)+p9(21(—1+p)(—3+2a+17(—1+p)+p)+Zp(3+17—2a(2+n)+p+np)))
Z0(3+n-2a(2+n)+p+np)

, which we

define as I1;. First notice that for some € = 0, lim (E (1 - C(4+2n)) - m+) =

@+n)  \Z pO(3+n)
a_)p_z(zil)
2e(1+m)(~c(2+n)+p8(3+n)) > 0 and lim mt — 2 (L _ i) _
pZ(2+m)(3+n)0(1+e-p) aop—H Z\2+n pb
2(2+m)
2e(14m)(—c+m)+p6(3+n))(1-p) 3+

1 (which holds from Assumption 3). This

. Cc
= 0 assuming — <
po 247

pZ(2+n)(3+n)0(1+e—p)

. . + 2 _ c(4+21m)

implies that when m™ < p (1 260G (3+n))’ a < p. We also have that when a < p and
(L _ < _ _ 2np(1417)(1-6)A(1-p)? .

p (2+n pG) =0,I; —np(1—-0)p = 2Grn—zazinipime = 0 This is because the
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denominator 3 +n —2a(2+n) +p +np = (3 — 4a) + n(1 — 2a) + p(1 + n) is nonnegative

for any choice of @ < p and n = 0. Thus, the lower surge bound is never optimal.

: 2 c(4+21m)
Putting the cases together, when a > p, m* > —( -
utting the cases together, when P, TeReS

2 ) and the optimal surge multiplier

ism* = %(1 — ;(94(%721;))) where IT* = I1,. Alternatively, when a < p and the lower surge bound is
. e . . « _ 2 . c(4+2m)
negative, [I* = max{Il,, [1,} and either m* = 0 or m* = ~ (1 p9(3+n))' When a < p and the

lower surge bound is positive, [T* = max({Il;, I1,} and either m* =

4c(1-a)(2+n)+2p0(-3+2a—n(1-p)+p) " 2 c(4+2m)
- orm" == (1 — )
pZO(3+n—2a(2+n)+p+np) Z p0(3+n)

. . _ % _ 2 _ c(4+2m) 2 c(4+2m) R
Region 3. Wheny, =0,y = 0, and ~ (1 —p9(3+n)) Sms- (1 + —p9(3+n))’ the platform’s

profitis fI* = ~np(1 — 0)((p + @)(1 — mA) + 2mA — (1 + mA)|p — a|) which is either fI* =
np(1 — 9)(,0 +mA(1 — a)) or II* = np(1 — 9)(a +mA(l — p)), both of which are linear

increasing functions of m. Thus, the surge multiplier that maximizes profit is the upper bound of

: : cr e w2 c(4+2m)
this region, which is m* = p (1 + p9(3+77))'

@+1)(mpZ0-p6)-c(a+2n)
Region 4. When y,; = m(mp76-6) ZC i
(1+n)(p9+mp59)

IA

. _ 2 c(4+27m)
, Y =0, andz(l + —p9(3+n)) <m

%(1 + pie) (2 + 1), the profit function is IT* = %np(l —-0) (Zm/l -

(—1+m/'l)(4ca(2+n)+p9(a(8—2mZ+417)+(2+mZ)(1+n)p)) _ _ 2a(2c(2+n)+p(4—mZ+2n)6)
p(2+mZz)(1+n)6 (1 + m/l) |P p(2+mZzZ)(1+n)6 )
Assuming that p — 20(2c(247) +p(4—mZ+27)0) # 0, the first-order derivative is either o _
p(2+mz)(1+n)6 om

n(-1+6)(4cza(2+n)+p6(4Za3+n)—(2+mZ)? (1+n)A+(2+m2)2(1+7)2p)) o
(2+m2z2)2(1+n)6 of om

n(—1+9)(—8ca(2+7])+p(4+417—8a(2+17)+4mZ(1+2a+17)+m222(1+2a+n))9)1

- 2+mZ)2(1417)0 , and the analysis of the first

.. . . . . -2 _ Za(c(2+m)+p6(3+1m))
order conditions for optimality gives either {m1 e <1 \/ OA(L—p) (1T ),mz -

-2 Za(c(2+m)+pb(3+1m)) -2 _ 2a(c(2+n)+po(3+1m))
z (1 +\/ pOA(1-p)(1+n) )}or {m3 - A <1 \/ pO(1+2a+n) My =
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=2 <1 + \/ Za(c(2+n)+p6(3+n))) } Notice that m, and m, are negative and thus, infeasible.
Z pO(1+2a+n)

Although m; and m5 can be positive, they are also infeasible surge multipliers for two reasons.

np2Z2(1+n)(-1+6)261%(-1+p)?
VpZ3a(1+n)(-1+6)26(c(2+m)+p(3+1)8)A(1—p)
211"
om?2

> 0 and the second-order derivative at m3 equals to

np?z2(1+2a+n)?(-1+6)?61
VZ(1+npZ2a(1+2a+1)(-1+0)20(c(2+n)+p(3+1)0)

(m->m3) = > 0, which implies that m, and

.. . . om*
mg are local minima. In addition, the second-order derivatives are —— =

8nz2a(1-60)(c(2+m+p(3+n)0) 92" _ 16nZa(1-60)(c(2+n)+p(3+n)6)A
2+m2)3(14+m)0 T omz = 2+m2)?(147)0

, which are both positive and

thus imply that the profit functions are convex. Thus, the optimal surge multiplier is either the

c(4+2n)

26G )) then [1* =

lower or upper bound of its region. If m = (1 +

n(1-0)(42c2+m+pB+n)OA+(PB+n)0(Z-2)—4c(2+n) D) (a+p)—(4c(2+n)A+p(3+1)8(Z+21))la—pl)

2ZGem)o , which
we define as IT,. If m = 2 (1 + i) (2+7), then IT* = Zn(2+n)(1_9)(C+p9)1(1_p), which we
Z po Z6
define as IT,. Note that a critical point also exists when [p — tea(2in)+2pfalt-mz+2n)| _ 0 since

pO(2+mz)(1+n)
it marks the boundary between the two continuous regions. Solving for the optimal surge

4a(2+n)(c+pB)-2p(1+n)6 =
+ _ 4a@+n)(c+pb)—-2p( n)pandH*=
pZ0(2a+p+np)

multiplier gives m

n(1—9)(—4ca(2+r/)1(—1+p)+p9((1+n)p(21(—1+p)+2p)+a(—4(2+17)/1(—1+p)+22p)))
Z0(2a+p+np)

, which we define as I1,.

. S 2 ca+2m) 4
First, assume that p > a, then IT* = max{Il, I1,} as ~ (1 + —p9(3+n)) >
4(1+m)(c(2+n)+p(E+n)6)(p—a)

pZ(3+1)0(2a+p+np)

> 0, which implies that m* is an infeasible surge multiplier and

(1 + ) (2 +n) —m* = 0 for all parameters. Thus, m* = %(1 + ;gl(;i?y))) orm* =

(1 + ) (2 + n). Alternatively, if @ > p, then IT* = max{I,, I1,} since 1, = II; (which can

be verified by re-arranging the respective profit functions) and m* = m* orm* =

2

2(a +p—9) 2 +1n).
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Region 5. Wheny, =1,y =0,and m > %(1 + p%) (2 + n), the platform’s profit is either
" =np(1—0)(p +mA) or lI* = np(1 — B)mA(1 — p), which are linearly increasing function
of m. Thus, the surge multiplier that maximizes profit is m* = m,,,, following Assumption 1.

Profit for Models 5-6

The optimal surge multiplier and maximum profit for Models 5 and 6 are similar except for A
replacing g in Model 6 and depend on the regions for m described in Theorem 2. The profit

function is from (A5). From Theorem 2 and Table 3-A-11, which describes the optimal y, and

yp for Model 5, five regions for m must be considered.

. * * 2 ) s Tk
Region 1. Wheny, =0,y =1,and 0 <m < p (1_17pp+77 - pie), the platform’s profit is [1* =

%np(l -0)((p+ 1A —mA) +2mA) — %np(l —0)A+mD)|p—1=npp(1—86)as0 <
p < 1, which is not a function of m, and the surge multiplier that maximizes profit is any m = 0

where m € [0, % (ﬁ — pig)].

. . . _ £ _ 2(_p ¢
Region 2.1. Similarly, when y, = 0,y5 = 1, andz (1_17p+77 pe) <m<

T2 0p=)+n(pO-) log[1-p]-12-(cn+p6) logp]

, the surge multiplier that maximizes the platform’s
%pze(mn)—log[l—p] +ﬁnlog[p])

1-np+n  po

( P C) f_r—Z(pep—C)w(pH—C)log[l—p]—ﬁ(can)log[p]

. 2
profit is any m = 0 where m € p -
51929((1+17)—10g[1—p] +ﬁﬂ10g[p]>

Region 2.2. Wheny; = 0,y; =1 — h(m)U'W (ﬁ ej(m)lz), and 2 (1_7;;“7 - pie) <m<

ﬁ—Z(po—CHn(pG—C) log[1-pl-125(cn+p) loglp]

, assuming p — yp = 0, the platform’s profit is [T* =
§p29<(1+n)—10g[1—p] +ﬁn10g[p]>

-(1-p)(mpZe+n (o))
m+1)(po-c)
- (1—p)103[1—p](mp§9+n(p9—c))—p(p9—6)+plog[p](p6’+n(mzifé’+6))+(C+71(mpgﬂ+C))(1—p)—p(mpfe*rn(pe—c))*rmpgﬂ+(n+1)(p9—c)

—(1—p)(mp§9+n(p6—c))
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%np(l - 0) <1 +mA(1—=p)+p—(1+md) |1 —p—(1—a)h(mWw (ﬁef(m)n —

(1-a)(1 —mA)h(m)W (ﬁm) ej(m))>. First, assume |1 -p—(1-

j*

a)h(m)W (ﬁ e’ (m))| # 0, then the first-order derivative is either Z?n

—mp-0) [ _ 301 — 1 ,itm) _ _ L im\
1+W(ﬁeﬂm))< A1-p)+W (h(m) e )(A( 1+p)+(1—a)W (h(m)e )h (m) +

- A(1-a) (1-0)W (ee ™) .
(1 _ (l) h(m)]/(m)>> or on — np a (h(m)e )<mW (; e](m)) hl(m) +

am 1+w(ﬁeﬂm)) h(m)

h(m) (1 +Ww (ﬁ ej(m)) + mj’(m))).

To evaluate all critical points, seven cases must be considered:

1. Casel: W (; ej(m)) = 0. No m satisfies this condition.

h(m)
ii. Case2: W (ﬁ el (m)) = —1. No closed-form expression exists but there is an analytic
solution where m* solves j(m*) — log[—h(m*)] = —1. For the profit we obtain [T* =

%np(l —)(1+m A1 —p) +p— (1 +m* D)1 —p+ (1 — a)h(m*)| +

(1 — @)(1 = m*2D)h(m™)). The validity of this solution depends on whether h(m) < 0
which does not always hold. Nevertheless, this Case 2 does factor into the optimal

solution because the profit function is dominated by the profit function associated with

Case 7.
eJ(m)

h(m)

eJ(m)

h(m)

iii. Case 3: mW( ) W (m) + h(m)(1 + W( ) +mj'(m)) = 0. Simplifying this

%(pHp—CHn(pB—C) log[1-pl-125(cn+p) loglp]

expression, we obtain m = , which is the

%p29<(1+n)—10g[l—p] +ﬁn10g[p]>

upper bound of the interval for m. Due to the complexity of the closed-form expression,

we denote the profit as I1,.
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eJmM)
h(m)

eJ(m)
h(m)

iv. Case 4: W( ) (—/’1(1 —0)+(1— a)W( )h'(m) +(1- a)h(m)j’(m)> =

A(1 — p). Simplifying this expression, we again obtain m =

1o (PBp—C)+1(po~0) log[1~pl—12-(cn+p6) loglp]

, which is the upper bound of the interval for
%p29<(1+n)—log[1—p] +ﬁnlog[p])

m.

v. Case 5: Since the first-order derivative(s) may be monotonic, we also evaluate the lower

D S 2
bound of the surge multiplier interval, which is m = = ( P _ i) Due to the
zZ\1-np+n  pé

complexity of the closed-form expression, we denote the profit as I1;.

p___ <
1-np+n  pb

vi. Case 6: It is possible that %( ) < 0. In this case, a critical point is m = 0. Due

to the complexity of the closed-form expression, we denote the profit as I1.

vii. Case 7: We must also evaluate the critical point implied by 1 — p — (1 —

1 im) = 1 jimY— 1P npo. :
a)h(m)W (h o € ) OorW (h o ) TEmTYEn Re-arranging and

147 P
=g Pab—c)+n(pb-c)log[i-a]-—(cn+pb)log[p] ~
L 1P and [T* =

simplifying, we obtain m** =
>z e(<1+n)—1og[1—a]+ﬁnlog[p]>

%np(l -0) <1 +m™t A1l -p)+p—-(A—-a)(1 -

1
R(m++t)

mTtDh(mtHw ( e’ (m++))>. Due to the complexity of the closed-form

expression, we denote the profit as I1,.

Notice that the profit values are either analytic or can be written in closed form. Nevertheless,

they are tedious. Thus, we instead derive a process for producing optimal solutions:

1) If the lower bound on the surge multiplier is negative, then evaluate IT* = max{Il,, I, } if
m** < 0, otherwise [T* = max{Il,,I1,}.
2) If the lower bound on the surge multiplier is positive, then evaluate IT* = max{II, I, } if

m** < 0, otherwise [T* = max{Il,, I1,}.
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T2 (PBp=)+n(po~0) log[1~pl—2(cn+p6) loglp]

Region 3. Wheny, =0, y5 =0, and <m<

1
5p29<(1+n)—10g[1—p] +ﬁnlog[p]>

T (c+pBp)+n(c+p) log[1-pl+ 2 (cn-p6) loglp]

, the profit is [T* = lnp(l — 0)((p +a)(1—-—mA)+
§pze<(1+n>—1og[1—p]+nﬁlog[p]) ’

2mA — (1 +mA)|p — al) or II* = np(1 — 6)(p +mA(1 — a)) or 1" = np(1 — 9)(0c +
mA(l — p)), both of which are linear increasing functions of m. Thus, the surge multiplier that

maximize the platform’s profit is the upper bound of its range, which is m* =

T Hc+pBp)+(c+p6) log[1-pl+12-(cn—p) log[p]

gpze<(1+n)—log[1—p]+nﬁ log[p])

Region 4.1. When y; = 1 — f(m)13W (ﬁ eg(m)“), vs =0, and

if—Z(c+p9p)+n(c+p9) log[l—p]+ﬁ(cn—p9) log[p]

2 c 1+np .
Sm<-(l+—=)(=—=),assuming p <1 — y,,
%pZ@((1+n)—log[1—p]+n—1fp log[p]> Z( ) ( 1=p )

the platform’s profit is IT* = L np(1 —0) <m/1(2 —p)+p—(1+mi) |p —

T2

af (m)W (ﬁ eg(m))| +a(1l—mA)f(m)W (ﬁ eg(m))>. First, assume that

_ 1 g(m) : . . .. om*
|p af (m)W (_f o € )| # 0 and thus first-order derivative is either P

or 28 =
- — =
1+W(me9(m)) am

np(1—9)(A(l—p)+W(ﬁe£/(m))(A(1—p)+aw(ﬁe9(m))f’(m)+af(m)g'(m)>> _

np(l—@)l(l—awz(ﬁeg(m))(f(m)+mf'(m))+W(J%m)eg(m))(1—f(m)(a+mag'(m))))

1+W(J%m)eg(m))

To evaluate all critical points, five cases must be considered:

—p(p6+n(mp§9—c))
(1+n)(mp§6—c)
_ pﬂp—plog[p](p9+n(mzéﬂ—C))+mz(mp§9—0)+(1—p)10g[1—p](mp§9+n(p9+c))+ﬂ(mp§9+n(p9+6))

—p(pé’ﬂ](mpge—c))

B fm) =

" g(m)
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ii.

1il.

1v.

Case 1: W (ﬁ ed (m)) = —1. No closed-form expression exists but there is an analytic

solution where m™* solves g(m™) — log[—f(m™)] = —1. For the profit we obtain IT* =
np(1—0)(m* 1+ p — af (m*)). The validity of this solution depends on whether
f(m) < 0, which always holds from Assumption 2. Due to the complexity of the closed-

form expression, we denote the profit as I1_;.
C (1 — L _ L _egm)) g = '
Case 2: —A(1 — p) (1 + W(ﬁeg(m))> aW (f( e )f (m) = af(m)g’'(m).

T Hc+pBp)(c+pB)logli-pl+2 (cn-pB)loglp]

Simplifying this expression, we obtain m =

2

§pze<(1+n)—log[1—p1+nﬁlog[p1>

which is the lower bound of the surge multiplier interval. Due to the complexity of the

closed-form expression, we denote the profit as I1;.

Case 3: aW? ( )eg(m)) (fm) + mf'(m)) - W (meg(m)) (1 —fm)(a +

ma g’(m))) = 1. Simplifying this expression, we again obtain m =

T p(c+p0p)+1(c+po)logli-pl+2(cn-pO)loglp]

, which is the lower bound of the interval for
%pZ@((1+n)—10g[1—p]+nﬁ10g[p]>
m.

Case 4: Since the first derivative(s) may be monotonic, we also evaluate the upper bound

1+np

- ) Due to the complexity

T . . 2 c
of the surge multiplier interval, which is m = p (1 + p_e) (
of the closed-form expression, we denote the profit as I1,.

Case 5: We evaluate the critical point implied by p — af (m)W (—eg (m)) =0or

f(m)
w ((_m) eg(m))

] . T Lk
T Re-arranging and simplifying, we obtain m

1+"(C+poc6)+—n(6+109)( £)iog[1-pl+=(cn-pO)log[a]

and IT* = %np(l -0) (m”A(Z —
;pze<(1+n)+§nlog[a]—%(%)log[l—pﬁ

a

p)+p+all-— ++/1)f(m++)W( g(m++))>. We denote the profit as IT, =

(m*+)

%np(l —0)(m*™ 1 -1)(1 - 2p).
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Region 4.2. Wheny; =1,v: =0 dg(”pep)*”(”f’@)log[l—p]+ﬁ(cn—p0)log[p]
egion 4... eny,=1,y5 =0,an

=Sm<
§p29<(1+n)—10g[1—p]+nﬁlog[p])

%(1 + pie) (11+_n; ), the platform’s profit is linear and increasing in m. Thus, surge multiplier that

maximizes profit is the upper bound of this region, which is m* = 2 (1 + pi@) (11+__flpp).

Region 5. Wheny; = 1,y5 =0,and m > %(1 + p%) (11+_npp)’ the platform’s profit is either IT*
np(1 —6)(p + ma) or I* = np(1 — O)mA(1 — p), which are linearly increasing in m. Thus,

the surge multiplier that maximizes profit is m* = m,,,, following Assumption 1.
Profit for Models 7-8

The optimal surge multiplier and maximum profit for Models 7 and 8 are similar except for A
replacing g in Model 8 and depend on the regions for m described in Theorem 3. The profit

function is from (AS). From Theorem 3 and Table 3-A-12 and 3-A-13, which describes the

* *

optimal y, and yg for Model 7, four regions for m exist when ¢ > max {O, %} and also
“YATVB

four regions when a < max {O, &}
1-Y4-VB

1- When a¢ > max {0, ﬂ}:

1-Y21~Vp

c

Region 1. Wheny; =0,y = 1,and 0 SmSE( £

A Cu—— pe)’ for the upper bound of the

interval to be greater than the lower bound, it must be that pie < 1—npp+n' Under this

condition, the platform’s profit is IT* = %np(l - 9)((p +1)(1 —mAi) + Zm/l) -

%np(l —0)(1+mA)|p—1| =npp(1 —6)as0 < p < 1, and the surge value that

.. . 2 p___ <
maximizes profit is any m € [0, p (1—np+17 pe)]'
Reoion 2. When v = 0. vz = PPoHmesore)ae-o-o 2 (F2--5)<m<
egion <. Wheny, = U, Vp = (mp§0+c)(1—a) (a+m) N2\ mmpen T pe) =TS
2 P c s o TT* — l —_ —_
- (m - p_e)’ the platform’s profit is I1* = - np(1—6) (Zml
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(c+4m)+p(2+mZ+2mZn)6)(-1+mA)p (2c+p(—2+mz)9)p|) )
(1+m) (2c+mpz6) (1+ma) ) zermpz0) |)° Assuming
(2c+p(-24m2)0)p of

# 0, the first-order derivative is either
(1+n)(2c+mpZz0) om

np(—1+9)(4c2(1+17)A(—1+p)+4cmpZ(1+n)6)L(—1+p)+p2292(mZZ(1+n))l(—1+p)+2p)) am*
(1+n)(2c+mpZz0H)2 or am

np(—1+9)/1(4c2(—1+n(—1+p))+m2p22292(—1+17(—1+p))+4cp9(mZ(—1+1;(—1+p))+p))
(1+n)(2c+mpZz0)?

, and the analysis

.. e . -2
of the first-order conditions for optimality give, respectively, {ml - pT; +

__ 2 o 2 20 _>‘_2<i_ _,,) N
z2a-parm’ 2 T paz  \zaa-parm J O™ T 7 \pe poCirn—np)’

2L+ |—2—) L Notice that m, and m, are negative and thus, infeasible solutions.
Z \pb p6(1+n-np)

This implies that only m; and m; are viable. The second-order derivative is, respectively,

%M _ anp*z2(1-60)63p 92" _ 8cnp32(1-6)6%p
am? ~ (1+n)(2c+mpz6)3 am? ~ (1+n)(2c+mpz0)3°

We first note that —2— = P =0
1-np+n  1+n(1-p)

for any choice of p and 7. Thus, for the upper bound of the interval to be greater than the

lower bound, it must be that 2(-a)+mp > 0, which holds if ¢ > % p where

z(1+n(1-p))(a+n(a-p)) —

11—" < 1; we utilize this property in the rest of the proof of Region 2. Depending on the

. C
magnitude of o Ve have three cases:

. (o
i. Casel:—2— < P <—
1-np+n — at+nla—-p) — pb

The lower and upper bounds of the surge multiplier range are both negative. Thus, no

nonnegative surge multiplier exists in this region that maximizes profit.

P p
1-np+n — pb — atnla-p)

1. Case 2:

The upper bound is positive and the lower bound is negative. Although m; and m; can be

positive, they are not feasible surge multipliers for two reasons. First, the second-order

21+ VZna(1- 473(141m)(-1+6)264A(1—
(m - my) = 2 (1-p)y/p (ngZ);() )26%A(1-p)p

o ]
derivative at m, equals to >0

om?2

. a2
and the second-order derivative at m5 equals to (m->m3) =
om?2
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n/1(1+n—np)Jcp322(—1+9)263(1+n(1—p))p
c(1+n)6p

> 0, which implies that m; or m5 are local

minima. Further, both second derivatives are positive, which means that the profit
function is convex in these regions. Thus, optimal the surge multiplier value is either the
lower or upper bound of this region. However, the lower bound of the surge multiplier

range is negative in this case, which implies that the optimal surge multiplier may be at

(e e fx _ 1 _ (c(@+2n)+pB)p _ [(c—pb)p .
m = 0; this gives IT* = > np(1—0) ( ) ) |), which we denote as I1,.
. . _2 p _c .
Alternatively, at the upper bound of the interval, m = i (—a+n a7 9) > 0, which

1

—ZZH(a+an—np)n(_1 + 9)(261(—2 +a+p)a+an—np)+

gives IT* = —
p8(—22p(=2+ a +p) + Z(a + p)(a + an —np)) — (a(1 + n)(pZ6 — 2cA) +

2endp + pO(—Zn + 22)p)la — p|), which we denote as IT,. Notice that when a = p,

thenTl, — I, =, — np(1 —O)p = §2n(1 —a)(1—0)Ap (am’;_np — pie) > 0. When

p = a, " = max {Ily, I, }.

c
iii. Case3:—<—2 < L
p6 — 1-np+n — a+n(a-p)

For the same reasoning as in Case 2, the optimal surge multiplier is either the lower or

upper bound of this region. At the lower bound, m = % (1_7;;“7 - pig) > 0 and the profit

is IT* = np(1 — 0)p . At the upper bound, m = E(

p p - i) > 0 and the profit is

atn(a-p) po

[1, (see the previous case for the exact specification). It follows that when a = p, then

I, — np(1—-0)p = %Zn(l —a)(1-0)Ap (amf]_np — pie) > 0 and the upper bound

yields the highest profit.

(2c+p(—=2+mZz)0)p
(1+n)(2c+mpZz0)

Note that a critical point also exists when = 0 since it marks the boundary

between the two continuous regions. Solving for the optimal surge multiplier gives m* =

n(1-0)(2cA(1—p)—pO(2A(1-p)+Zp))

2(po- . ) )

2pb-c) and [1* = , which we denote as I1;. Notice that m* —
pZo VA

2 . . 1

—( F__ i) = 0 for all feasible parameter values since we assumed ———— > 0.

Z\1-np+n pb a+n(a-p)
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z 1% Y o+ " p—a > . >
However, p (—H77 s i 9) m™ is positive only when PO = 0. Thus, if @« = p, then
+ E P _ _C + . . .
m* > - (—a+n a7 9) and m™ is not a valid surge multiplier. If p = «, then
E P _ _C _ + . + . .
~ (—a+n a7 9) m™ > 0 and provided m™ > 0 (which holds from Assumption 3), [T, >

np(1 — 0)p, which implies I1; > II,.

. 2 2
Putting the cases together, when a = p, m* > = (L - —C) =>02= - (L — i) or
Z \a+n(a-p) po Z\1-np+n pb

mt > z (L - —C) > E( P _ i) > 0 and it follows from Cases 2 and 3 that
Z \a+n(a—p) po Z\1-np+n pé

* = « _2(_ P _L) ; > E(—p __C)>

I1 [1, and m ~ (a_m(a_p) o . Alternatively, when p > a, Z\atn@—p) p8) =

mt 202 2(=2—-SJor 2(—L—-S)> 02 m* > 2(—2——5) Thus,
Z\1-np+n pb Z \a+n(a-p) pé Z\1-np+n  po

either [T* = max {I1;, IT,} when m* > 0, which implies that m* = m*or m* =

2( p ¢ Fe _ S . _ . _
Z (a+n(a_p) pe)’ or [T* = max {1y, [1,}, which implies that m* = 0 or m

2 (L _ L)
Z\a+n(a-p) pb/°

; x _ x _ 2(_p _ ¢ 2(—_—p, ¢
Region 3. When y, = 0, yz = 0, and p (a+n(a_p) pe) =m=; (a+n(a_p) + pe)’ the
platform’s profit is IT* = %np(l - 0)((p +a)(1—mA)+2mi— (1 +mA)|p— al), which
is either IT* = np(1 — 0)(p +mA(1 — a)) or II* = np(1 — 9)(a + mA(1l — p)), both of

which are linearly increasing functions of m. Thus, the surge multiplier that maximizes profit

. . . . % _ E p <
is the upper bound of this range, which is m* = p (—a+n @) + > 9).

p(p9+17(mp§9—c)>
a(1l +n)(mp§6 —c) ’

Region 4. Wheny, =1 — yp =0, andz(; + i) <m<

Z \a+n(a—p) po

%(1 + p_ce)’ the profit is given by [1* = %np(l —-0) <2ml +

(—2c1+2m)+p6(2+mz(2+m)) )(-1+mA)p (2esp@—mD)9)p ‘
(1+m)(2c-mpZz6) — (1 +ma) m| . Assuming
Qctp2=mz)6)p o

# 0, the first-order derivative is either =
(1+n)(2c—-mpZz0) om
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np(—1+9)(4c2(1+17)A(—1+p)—4cmpZ(1+n)6)L(—1+p)+p2292(mZZ(1+n))l(—1+p)+2p)) ; Fhie

(1+n)(—2c+mpZzH)2 0 am

np(—1+9)/1(4c2(—1+n(—1+p))+m2p22292(—1+17(—1+p))—4cp9(mZ(—1+1;(—1+p))+p))
(1+n)(-2c+mpz6)?

o e . 2c , 2p 2c
order conditions for optimality gives, respectively, {ml = 7 Zamia' ™ 2 78 +

2p 2c . cp i cp
s’Z(1+17)/1(1—p) } or {m3 - pZ6 2\/—p229(1+7](1—p))' my = pZ8 + 2\/—p226(1+1}(1—p)) }

Notice that m3 and m, are not real and thus, infeasible. Although m,; and m, can be positive,

, and the first-

only one is a valid surge multiplier. This is because the second-order derivative at m; equals

_ _ Vampa-6)(z*amaa-p)p)*’?

Z*(1+m)p?

oz _ 2np(1-0)A(1-p)Z3 1+ A(A-p)p
om?2 (m - mZ) - Zp

< 0 and the second-order derivative at m,

equals > 0, which implies that m; is a
. . .. . o
local maximum and m,, is a local minimum. Second, one of the regions has g =

4np*z2(1-0)63p
(1+n)(mpz6-2c)3

> 0 for any m = 0 that abides by Assumption 2, which implies that the

profit function has regions of convexity. Thus, in addition to m,, the surge multiplier values

at the lower or upper bound of the interval are also candidate solutions. Finally, notice that

(2c+p(2-m2)0)p

the critical point (147) (2c—mpz6)

= 0 gives the same surge multiplier value as the upper

bound of the interval. For clarity, define Il and I, as the profit functions associated with the

lower and upper bounds of the surge multiplier interval, while I1; is the profit associated with

np(1-0)
Z2(1+m)

the critical point m,. We note that [T, — I1; = (22(1 +mA(1—p) +Z%p +

2\/2(23(1 +n)A(1 — p)p)) > 0, which implies that m; is never optimal.
2 c 2 p c . 2(1+n)(a—p) . .
To ensure p (1 + p_e) = 7 (m + p_B)’ it follows that Zaran—np) = 0, which requires

a< % p (in which case both the numerator and denominator are negative) or @ = p (in

which case both the numerator and denominator are positive). Thus, first assume a > p, then

_ 2n(1-0)A(a-p)
I, — I, = ST Tr—— (ac + cn(a — p) + pd + pnd(1 — p)) = 0. Conversely, assume

2(1 A(1-
pZa,thenl’[z—HO=np(1—9)(p—a)(1—%)=p(1—9)<(p—a)+
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2(a—p) )AL —p) > 0 since 2a+m)la=p) > 0. Thus, m* (1 + —C) and [T* =11, =
Z(a+an-np) Z(a+an-np) po

n(1-0)(2cA(1—p)+pB(2A(1- p)+Zp))
Z0

* *

YA~ VB

When a < max {0, ﬂ}:

. (mpZo+nwe-o)a-p)
T (po-0)(1-a) (1+1)

Region 1. Wheny, =0,y =

and—(l— 5

—) <m<
Z 1-p

2 (1 — p%) 1200 he platform’s profit is f* = ~np(1—6) <4m/1 +

(—1+m)l)(—2c(1+p+2np)+p9(mZ(—1+p)+2(1+p+2np)))
(1+m)(c-pB)

—(1+ma)

(2c+p(—24m2)0)(—1+p)
(1+m)(c-pH) '

*

- - e |
(2c+p(-2+mZ)0)(-1+p) # 0, the first-order derivative is either Zm =

(1+m)(c-pb)

np(1-0)(2c(1+m)A+p8(Z—-2(1+n)AD))(1-p) or 2 _ mp(1-0)(cn—p(mz+mB)Ai-p)
2(1+n)(c-pb) om (1+n)(c-pH)

Assuming

. The former is

independent of m and indicates that, depending on the parameter values, the profit function is
linearly increasing or decreasing over the interval for m. The implication is that each of the

endpoints represents a candidate solution for the optimal surge multiplier. The latter first-

__ n(pb-c

order derivative gives m* = 70

The critical point, obtained by setting

c+p(—2+m2z2)0)(—1+p)
(1+m)(c-pO)

= 0, gives the same surge multiplier value as the lower bound. Define

[1; and I, as the profit functions associated with the lower and upper surge bounds,

respectively. Since 1 — pie > 0 from Assumption 3, two cases must be considered:

Case 1: 1zatn(p-a) > 1:
1-p

i

The entire range yields nonnegative surge multiplier values and both m* and m = 0 are

2n(1 0)

2601=p ( 0 —c)A(a —

inadmissible solutions. If @ > p, then [1* = I1; as I, — I1, =

p)((l —a)+n1l—-a)+ (1 - p)) > 0, which contradicts the assumption that

l_a+(:_a) > 1. This implies p > a and thus, [T* = max {I1;, I, }.
Case 2: —l_az(pp_a)

<1:

ii.
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In this case, the lower surge multiplier is positive and exceeds the upper bound (which is

.1
negative if

%(p_a) < 0). Consequently, this case is inadmissible. This also implies

_n(pb-c)
pZo

that the critical point, m* = , 1s never an optimal solution.

Region 2. Wheny, = 0,yg = 0, and%(l — pie) (H+(pp_a)) <m< %(1 +

) (s

A+ mA)|p— al), which is either IT* = np(1 — 0)(p +mA(1 — a)) orfI* =

), the platform’s profit is [T* = %np(l —0)((p+ )1 —ma) + 2mA —

np(1 — 6)(a +mA(1 — p)), both of which are linear increasing functions of m. Thus, the

surge multiplier that maximizes profit is the upper bound of this range, which is m* =

2 (1 + L) (M). Note that for the upper bound of the interval to be greater than the
VA po 1-p

4c(1-a—an+np)
pZ6(1-p)

1

lower bound, it requires = 0, which implies that a < Py

1
+ L p where — <
1+n 1+n

1 and— < 1.
1+7

(1-p)mpZ6-(po+c)(1-a+n(p—a) _ _
Region 3. When y; = Pmpz0-(po+) anpa), E:O,and§(1+i)l—a+n(p D <

a(pf+c)(1+n) 1-p =

2 1 . . % 1
m< E(l + pia) (1%";), the profit is given by I1* = Enp(l ), (27”/1 -

(—1+m/1)(2c(1+p+2np)+p6(mz(—1+p)+2(1+p+2np)))
2(1+n)(c+p0O)

—%(1+m/1)

(2c+p(2—-m2)0)(—1+p)
(1+n)(c+p8) )

*

(2c+p(2—-m2z)6)(—1+p)

Assuming # 0, the first-order derivative is either o _
(1+m)(c+p0) om
np(1-0)(=pzZ0+2(1+n)(c+p6)A)(1-p) OrO_H* _ np(1—9)(cn+p(mZ+n)9)/1(1—p)_ The former is not a
2(1+nm)(c+p0) om (1+n)(c+pb)

function of m, which means that the profit function is linearly increasing/decreasing in this

region; the lower or upper bound of the surge multiplier’s interval are candidate solutions.

. o P 6 .
The first-order condition for optimality for the latter derivative gives m* = — %, which

21’-‘[*

. . . . TR : ]
is negative, and thus, inadmissible. The second-order derivative is, respectively, =0or

am?
92" _ np?z(1-0)0A(1-p)
om2 (1+n)(c+pb)

> 0, which reinforces the notion that the lower and upper bound of
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the surge multiplier’s interval are candidates. We denote I1; and II, as the profit functions

associated with the lower and upper surge bounds, respectively.

(2¢c+p(2-m2Zz)0)(-1+p)
(1+7)(c+p8) -

Note that m* = %(1 + p%) > 0 is a critical point obtained by solving

0 and yields a profit of Tl = n(1—9)(26/1(1—p)Z-FQPB(Z)l(l—P)+Zp)). Further, % (1 n p%) (1:;;) —
1-a+n(p-a) _

m* > 0 for all feasible parameter values and m* — % (1 + i) -

po
2(1+n)(c+p6)(a—p)
pZ6(1-p)

2n(1-0)(c+p6)A(a—p)
Z6(1-p)

, which depends on whether & > p. Because I1; — I1; =

(1-a)+n(1—a)+ (1 —p)), My = I, whena = pand IT; > T,

when p > a. Further, if < 0, then @ = p and the lower bound of the range is

1—a+n(p—a)
1-p

negative, the upper bound is positive, and the profit is np(1 — 6)p. Nevertheless, 1, —

np(1 — 8)p = 0, which means it can be ignored.

Note that % (1 + pie) (1:_—17;) = %(1 + pig) H+f:_a) holds for any choice of the parameters.

Thus, first suppose a = p. Then, from the above analysis, [T* = max{Il,, IT,}, which implies

that the optimal surge multiplier is either m* = m* or m* = %(1 + pie) (1:_": )

Alternatively, if p > a, then IT* = max({Il,,I1,} and the optimal surge multiplier is either

e =2 (14 2) IO e 2 (g ) (L)
Z po 1-p Z po 1-p

Region 4. Wheny, =1,y =0,and m > %(1 + pie) (11+_77pp)’ the platform’s profit is [T* =

mnp(1 — 0)A(1 — p), which is linearly increasing in m. Thus, the surge multiplier that

maximizes profit is m* = m,y,, following Assumption 1.
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