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calculate the return on investment (ROI) and find that the ROI for upgrades is higher than that for



discounts. Our counterfactual analyses show that as the platform matures, the importance of
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Chapter 1: Introduction

Platforms are prevalent in today’s economy and have transformed many traditional
industries, such as Uber in the transportation service industry and Airbnb in the
room/home rental industry. Unlike conventional services, platforms through pricing
and other decisions, must actively manage both: the demand and supply sides. For
example, ride-hailing companies such as Uber and Lyft match riders and drivers and
must balance rider demand and driver supply through their pricing policies. Retailing
platforms like Amazon and eBay connect buyers and sellers. Food delivery services
like Grubhub and UberEATS link restaurants and eaters. In this dissertation, 1 will
focus on ride service platforms.

Since the demand and supply are dynamically interrelated, attracting consumers
and retaining drivers are both critical for the platform’s profitability. To attract users,
platforms typically provide incentives through marketing promotions. Price discounts
and free upgrades are among the platforms’ most common promotional practices.
Discounts directly reduce the amount charged to consumers, while product and service
upgrades—often in the form of trials—enable customers to try higher-tier products or
services for the same price. The effects of discounts and upgrades have been studied
extensively in marketing research. Discounts, in general, have a positive effect on sales,
especially for price-sensitive customers. Upgrades can also increase sales by increasing
awareness and reducing quality uncertainty. In two-sided markets, high demand attracts
supply, and high supply draws demand, forming the so-called “network effect.”
Promotions not only affect demand by attracting more consumers, but also have a

spillover effect on the supply side. Moreover, this spillover effect on drivers will lead
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to further changes in demand. In this way, understanding the influence of various
promotions by considering the network effects is prominent for platforms. Extant
literature has examined the promotion effects largely on the demand side, without
explicitly considering the spillover effect on the supply side. Few empirical studies
have explicitly examined how the network effect affects promotions. Thus, previous
findings on demand-side promotion effects are insufficient to guide decision-making
for platforms. The second chapter aims to fill this important gap. In this research, we
ask three research questions: (1) With network externalities, how do discounts and
upgrades affect demand and supply differently? (2) How does the return on investment
(ROI) for these two promotions differ? And (3) What factors determine the marketing
mix of promotions?

On the supply side, platforms can consider different employment modes to
incentivize drivers. For example, based on both survey and administrative data, Hall
and Krueger (2018) shows that drivers who partner with Uber appear to be attracted to
the platform largely because of the flexibility it offers, the level of compensation, and
the fact that earnings per hour do not vary much with the number of hours worked. On
the other hand, a full-time driver-employee would receive protections and employment
benefits such as unemployment insurance and health insurance. An employer usually
has direct control of its employees and makes centralized staffing decisions. In the
meantime, the guaranteed protections help increase drivers’ loyalty and stickiness to
the platform. However, part-time contractor-drivers would work less while valuing
flexibility and freedom: they like to choose when and how long to work instead of

sticking to fixed schedules. Traditional ride services adopt the employee-only mode.



For example, taxi drivers are hired as employees and receive a benefits package. Their
shifts are predetermined by the platform. The new emerging ride-hailing companies
like Uber and Lyft classify their drivers as independent contractors. Drivers decide
when and where to open the app but receive no protection from the platform. A debate
emerged as to whether to classify independent-contract drivers as employees in recent
years. Policymakers seek labor protections for drivers while platforms avoid sacrificing
their profit margin. Therefore, how to balance flexibility and benefits for drivers with
the profitability for platforms is a fundamental question for the future of the ride service
industry. Prior research has focused on cases where drivers self-schedule, and on-
demand platforms only hire independent contractors. However, facing new challenges,
previous business models may not be applicable. Policies such as AB5 and Proposition
22 feed a growing literature that explores hybrid employment modes: platforms hire
both employees and independent contractors. In the third chapter, | model an on-
demand platform that adopts a hybrid employment mode that allows both contractors
and full-time employees. The goal is to devise a policy:

1) thataccommodates drivers who value flexibility and wish to remain contractors
and drivers who want the benefits of full-time employment and addresses the
related ongoing public debate.

2) that enables the ride-hailing platforms to maintain reasonable profit margins
and viable business model.

Transportation service providers usually employ one of two modes of operation:

on-demand service and reservation-based service. For example, | evaluate the

promotional effects using data from a reservation service platform in the second chapter



and focus on the hybrid employment mode for on-demand platforms in the third
chapter. Convenience and flexibility may be the most important characteristics
contributing to the popularity of on-demand services. Moreover, with the new sharing
economy business model, price-sensitive customers can view pricing for alternative
service providers in real-time and choose appropriately. Unlike on-demand services,
reservation services have their own advantages: once a reservation is made, the service
will be guaranteed, so a customer has less uncertainty about the fulfillment of her future
demand compared to an on-demand service. Moreover, a customer does not need to
incur extra waiting time for identifying and arranging for the service. Reservations also
benefit platforms: companies gain more information about the future demand and have
a longer time to coordinate demand and supply.

While both systems are prevalent nowadays, it is worthwhile to discuss the revenue
management problem under competition between reservation-based and on-demand
services. Potentially, several research questions could be addressed: On the demand
side, how do two systems make pricing decisions? In current practice, reservation
systems usually adopt a static pricing strategy: prices are predetermined and uniform
for consumers. However, on-demand platforms adopt dynamic pricing, and the prices
may vary accordingly. Meanwhile, consumers have different valuations for different
service types: Those who tend to plan and schedule in advance value the reservation
system more than the on-demand service. Also, with the reserved orders, usually
drivers will wait for customers before their departures and customers can thus avoid
the waiting cost. However, customers who have higher uncertainty about their future

trips may prefer the on-demand service to avoid the penalty of booking in advance but



end up with a no-show. Of course, it is possible that some customers are indifferent
between the two systems. Then how to compete in terms of prices and service qualities
facing different types of customers is critical for platforms. At the same time, retaining
drivers also plays an important role: On the supply side, platforms need to decide how
to pay their drivers and the optimal capacity level. For example, Uber drivers are paid
by job currently. When delays caused by consumers happen, drivers need to incur the
waiting cost by themselves, which may lead to reduced hourly earnings. However, if
platforms pay drivers by the hour, drivers are guaranteed a certain hourly rate but how
to incentivize drivers becomes challenging. Meanwhile, a hybrid employment mode
can be adopted by two different services: the reservation-based platform with less
demand uncertainty may consider hiring more full-time drivers, and the on-demand

platform may employ more part-time drivers due to the fluctuating demand.



Chapter 2:  Lower Price or Better Experience

2.1 Introduction

Platforms are prevalent in today’s economy and have transformed many traditional
industries such as Uber in the transportation service industry and Airbnb in the home-
sharing industry. A defining characteristic of a platform is that the demand and supply
are dynamically interrelated: high demand attracts supply, and high supply draws
demand, forming the so-called “network effect.” However, the network effect can also
be a double-edged sword creating the well-known “chicken-and-egg” conundrum: a
platform needs demand to compete for supply and needs supply to compete for demand.
The question becomes which side should be increased first. This isa common challenge
for all platforms, especially for new entrants and underdogs. Thus, understanding the
effectiveness of various user-growth strategies takes on special importance for platform
research.

To attract users, platforms typically provide incentives through marketing
promotions. Price discounts and free upgrades are among the most common
promotional practices on platforms. Discounts directly reduce the amount charged to
consumers while product and service upgrades—often in the form of trials—enable
customers to try higher-tier products or services for the same price!. The effects of
discounts and upgrades have been studied extensively in marketing research.

Discounts, in general, have a positive effect on sales, especially for price-sensitive

Lin subsequent analysis, we use “products” and “services” interchangeably.



customers. Upgrades can also increase sales by increasing awareness and reducing
quality uncertainty.

Extant marketing literature has examined the promotion effects largely on the
demand side, without explicitly considering the spillover effect on the supply side. For
many platform businesses, a shock to demand would cause a chain reaction to supply,
which would lead to further changes in demand. Although this reinforcing relationship
between the demand and supply (i.e., the network effect) is prominent for platforms,
few empirical studies have explicitly examined how the network effect affects
promotions. Thus, previous findings on the demand-side promotion effects are
insufficient to guide decision-making for platforms. The current study aims to fill this
important gap. In this research, we ask three research questions: (1) With network
externality, how do discounts and upgrades affect demand and supply differently? (2)
What is the return on investment (ROI) of these two promotions, respectively? And (3)
What factors determine the marketing mix of promotions?

To answer these questions, we work with a transportation service platform that is a
leading player in a major Asian market. The platform matches riders (i.e., “‘customers”)
and individual drivers (i.e., “suppliers”) to provide transportation services. The service
is similar to Uber and Lyft, except that rides are specialized to pick-up and drop-off
riders at airports and train stations. Our data cover all transactions from the platform’s
largest markets over 20 months, with more than a million unique riders, 60,000 drivers,
and approximately 74,000 reservations per month. On the demand side, the platform
provides three service tiers: basic, premium, and luxury. The higher the tier, the more

upscale the vehicle. The platform frequently offers two promotions to customers: price



discounts and upgrades. With the former, a customer can enjoy a ride at a lower cost;
for the latter, the customer is bumped to a higher service tier at no additional charge.
On the supply side, the platform works with two types of drivers: in-network and out-
of-network. In-network drivers have a contract with the platform and agree to serve
any orders dispatched to them. In turn, the platform dispatches call to these drivers first.
The out-of-network drivers do not have a contract and only serve when in-network
drivers are unavailable. In terms of promotions, the coupons (i.e., price cuts) can be
applied to rides from either type of driver, but the platform only uses in-network drivers
for upgraded rides.

We develop a structural model to examine the effects of discounts and upgrades,
including three models to capture the customer’s decision, the driver’s decision, and
the platform’s decision, respectively. On the demand side, we specify a two-Stage
model: (1) a customer first decides whether or not to make a reservation, and (2) she
chooses which tier to book. Because the customer can use a coupon for any tier, price
cuts are entered in the first-stage reservation model. At the second stage, the customer’s
tier choice depends on the tier-specific price, preference, and whether or not the
customer has had previous experience with this tier. The tier-specific number of drivers
is also included in the demand model to explicitly capture the network effect. On the
supply side, we model the driver’s retention decision as a function of the driver’s
expected wage on the platform, which captures the cross-side network effect from
demand to supply. In the platform model, we assume that the platform maximizes its

profits by strategically determining the promotion levels.



Our parameter estimates confirm that cross-side network effects are positive and
significant on this platform, verifying that it is important to include the spillover effect
in the model. Based on the parameter estimates, we quantify the profit gains of
providing discounts and upgrades and calculate the respective ROI. We find that the
ROI for upgrades is higher than that for discounts, perhaps because upgrades not only
reduce the customer’s uncertainty about the higher-margin services but they also
directly help driver retention by increasing their wages. Interestingly, the ROI for
upgrading from a basic to a premium service tier is higher than the ROI for upgrading
from a premium to a luxury service. This is jointly determined by the fact that a free
trial can lead to high incremental demand for the premium tier and that it is relatively
costly to replace a premium-tier driver when attrition occurs.

How can the platform improve its user-growth strategy based on our findings? To
answer this question, we conduct two counterfactual analyses. In the first analysis, we
allow the platform to consider distributing incentives on both sides of the platform
rather than just focusing on the demand side as has been done in the past. Our results
show that a bonus for drivers has a positive ROl and can improve platform profits. This
indicates that giving direct monetary incentives to drivers, rather than indirectly
influencing drivers through orders, is a viable strategy to consider. In the second
analysis, we examine how the platform should adjust the marketing mix of discounts
and upgrades at different stages of its lifecycle. We find that at the early stage, the
effectiveness of discounts is close to that of upgrades. As more customers experience

the basic and premium service tiers, the value of providing discounts diminishes. Thus,



discounts are more effective in the early stage, and upgrades become more effective as
the platform gains greater market share.

Our paper provides two primary contributions to the literature. First, we extend the
promotion literature to platform settings. Our empirical model provides a framework
for examining the effectiveness of price discounts and upgrades in a two-sided market.
Our analysis indicates that discounts and upgrades affect the demand and supply in
different ways. Compared with discounts, free upgrades not only affect consumer
demand but also have a more direct impact on the supply side. Discounts increase the
demand, which positively affects supply via the cross-side network effects. Upgrades
shift demand to higher tiers, increasing the wages of higher tier drivers and the
likelihood of these drivers to remain on the platform. Our method can also be applied
to quantify the ROI of marketing promotions for companies with network effects.
Second, our study contributes to research on platforms’ user growth strategies. We
demonstrate that it is important to unbox the mechanisms through which each
promotion method grows the customer base and supply base. In our setting, upgrades
directly affect both the demand and supply: it increases demand by reducing quality
uncertainty and attracts drivers by increasing wages. Thus, the ROI is higher than that
for discounts in the early stage of the platform. Our paper is the first empirical work
that examines multiple alternate strategies for two-sided platforms. Our research
provides insights on how a platform should adjust its optimal marketing mix at different
stages of its lifecycle, which is novel to the literature and generates actionable

managerial implications in practice.
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2.2 Literature Review

Our research is related to two streams of literature: promotion effects and two-sided
markets. In this section, we briefly discuss relevant studies and present the
contributions of our study.
Promotion Effects

Sales promotions have been studied extensively in marketing research for decades.
Promotions in the form of price discounts are found to affect consumers’ purchase
behavior directly. In their comprehensive review paper, Ailawadi and Gupta (2014)
summarizes findings on various promotions, including coupons, buy-one-get-one-free,
free samples, and rebates, and categorize consumers’ responses into immediate and
long-term responses. Our paper studies two of the most common promotion methods:
coupons and free samples (free upgrades in our context). Coupons can increase sales
through an advertising exposure effect or redemption (Bawa et al. 1997; Neslin 1990;
Reibstein and Traver 1982; Ward and Davis 1978). Neslin (1990) estimates the
incremental sales per coupon redemption and finds that the coupons disproportionately
attract loyal customers. Bawa et al. (1997) also considers the joint effects of coupon
attractiveness and coupon proneness on redemption. Other studies have examined the
impact of coupon characteristics on coupon redemption rates. For example, a higher
coupon face value is found to lead to a higher redemption rate (Reibstein and Traver
1982; Ward and Davis 1978).

Free samples are another common promotional method used by many businesses.
Heiman et al. (2001) decomposes the sampling effort into two parts: the immediate

effect on sales and the long-term effect on goodwill (i.e., a learning effect). Bawa and
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Shoemaker (2004) also empirically shows that free samples could produce a more
lasting effect on sales than coupons. Using analytical modeling and field experiments,
Li et al. (2019) studies whether to provide free samples and determine the optimal
design of the samples. In a similar service upgrade setting to the current study, Sudhir
and Yang (2018) examines free samples (i.e., upgrades) in car rental services and find
that upgrades induce greater loyalty and thus have a spillover effect on demand across
tiers with different profit margins. However, our study is different from Sudhir and
Yang (2018) in two aspects: (1) we jointly model the impacts of upgrades on both
demand and supply, and (2) we aim to identify the different mechanisms through which
price discounts and upgrades affect platform profits, respectively.
Two-Sided Markets

Early work provides a theoretical framework on competition and pricing strategies
in the presence of cross-side network effects (Caillaud and Jullien 2003, Rochet and
Tirole 2003; Armstrong 2006). With the increasing importance of online platforms,
empirical work related to two-sided markets has been growing rapidly. Empirical
research has estimated the network effect and examined the impact on pricing in
different industries. Clements and Ohashi (1994) and Dubé et al. (2010) shed insights
on pricing structures in video gaming. Chiara et al. (2020) shows how digital platforms
balance network effects and differentiation. Chu and Manchanda (2016) quantifies the
asymmetrical cross-side network effects in online retailing. Ming et al. (2019) studies
ride-hailing services and it is the first empirical work that explicitly models both
consumer and driver decisions. They explore the effects of surging pricing and other

regulatory policies on both ride-hailing market and the traditional taxi market. Built
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upon Ming et al. (2019), our paper addresses a related but different question: how and
to what extent different promotions affect the demand and supply in a two-sided
market, respectively. In addition to modeling the decision-making process for
consumers and drivers, our paper also explicitly takes into account the platform’s
strategic decision.

The existence of network effects on platforms is critically important for platform
growth. When a platform enters the competition, its smaller consumer base makes it
unattractive to suppliers. The smaller supplier base is also unappealing to consumers.
This is famously known as the “chicken-and-egg” conundrum (Parker et al. 2016).
Given this challenge, platforms are incentivized to use promotions to grow their user
bases and leverage the positive feedback loop between demand and supply. Promotions
such as price discounts and free upgrades could potentially have a greater impact on
platform businesses than on traditional businesses. However, empirical research on this
topic is limited with just a few recent exceptions. Zhang et al. (2020) examines how
some sellers’ decisions to offer a specific type of price promotion affected consumers’
interaction with other sellers on the same platform. They document that promotions can
spillover to sellers without promotions. Kabra et al. (2017) compares the effect of
incentives given to passengers and drivers in a ride-hailing marketplace, respectively,
and find that it is more efficient to give incentives to passengers in the short run and to
drivers in the long run.

There is one significant limitation remaining: much of the existing literature has
only studied price discounts. None of these papers have explicitly examined the

mechanisms of more than one promotion, although platforms commonly use multiple
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forms of incentives to grow their user bases. Marketing literature has established that
free upgrades allow consumers to experience an unknown service, which could lead to
higher user loyalty and stickiness (Bawa and Shoemaker 2004). The network effect
could further magnify such an effect in a two-sided setting. Thus, platforms need to
understand exactly how each promotion method works and when to use which. The
few studies examining other promotion methods either have not yet sufficiently
addressed the network effects or have only studied one promotion. Albuquerque et al.
(2012) measures the value of promotional activities, including price discounts on an
online platform where users can create and purchase content. In a context similar to
ours, Zheng et al. (2020) models how sales promotions affect drivers’ willingness to
use the app but only incorporate drivers’ forward-looking behavior, and not cross-side
network effects. Sudhir and Yang (2018) models an experience effect due to free
samples but also does not include a network effect. Our study investigates two of the
most common promotions on two-sided markets by modeling the consumers’, drivers’,
and the platform’s decision-making processes. On the demand side, we include stage
dependency to capture the experience effect due to upgrades. We also model the cross-
network effects on both the demand and supply sides. Table 2.1 summarizes our

contributions compared to extant work.
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Table 2.1 Summary of Relevant Studies on Two-sided Markets

Quantify Model
Promotion the ROl of Platform’s

Research Context Research Focus . ..
Strategy promotions Decision
Chu and - Quantify network
Retailin No No No
Manchanda (2016) g effects
Kabr_a, Belavina and Ride-hailing Eff_ectlvepess of Discounts NG NG
Girotra (2017) incentives
. The value of f
Sudhir and Yang ¢ value ot Iree Free
Car Rental upgrades due to state- No Yes
(2018) upgrades
dependence
Effectiveness of Discounts
Our Research TNC promotions; when to and free Yes Yes
provide which upgrades

Notes: TNC=transportation network company

2.3  Data and Reduced-form Evidence
2.3.1 Empirical and Institutional Settings

We work with one of the largest transportation-service platforms in Asia.
Customers use the platform to book a ride for airport and train station pickups or drop-
offs. Reservations can be made via the app or on the platform’s website, with the former
being the primary booking channel. During the booking process, after a consumer
enters the information such as flight number, time, and destination, different booking
options with respective price would be shown accordingly. The available options on
the platform include multiple tiers of services—economy, comfort, business, luxury—
and the specific car types are also provided. For tractability, we group those service
types into three main service tiers: basic, premium, and luxury, according to different

car models and therefore prices.? For each reservation, the platform dispatches it to

2 During our data collection periods, drivers remained within the same tier and never switched across
tiers.
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drivers from the chosen tier. When the order is accepted, the customer receives a
notification with the driver’s phone number, car model, and plate number. On our focal
platform, consumers usually make their reservations ahead of the trip. Based on the
data, the duration between the booking time and the service time ranges from one day
to 8 months, with over 90% of the consumers making the reservation within one week
of their trip. This may be because consumers prefer less uncertainty and would not want
to make a reservation too early ahead of time. Customer can of course cancel the
reservation at any time without penalty, as long as it is made at least two hours prior to
the departure time.

On the supply side, there are two types of drivers on the platform: in-network and
out-of-network. The in-network drivers have a contract with the platform and agree to
work exclusively with the focal platform while the out-of-network drivers do not have
such an exclusivity contract. In particular, in-network drivers commit a fixed shift so
that the platform can assign them orders directly. The platform therefore treats these
two types of drivers with different accommodation priorities. When receiving a
reservation, the platform first dispatches the order to in-network drivers. Only when in-
network drivers are unavailable does the platform broadcast the order to out-of-network
drivers. In-network drivers renew their contracts at the beginning of each month, while
out-of-network drivers are free to opt in or opt out of the system. Since the platform is
actively hiring, there is no restriction on the number of in-network drivers. Out-of-
network drivers are also allowed to start a contract and work exclusively for the
platform. The platform has a direct control for in-network drivers and an indirect

control for out-of-network drivers: orders are assigned to in-network drivers and
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usually the dispatched orders cannot be declined; the platform broadcasts the excess
orders to out-of-network drivers who can decide whether to accept the order based on
their availability.

Drivers’ retention decision is based on their expected revenue, which is correlated
to the expectation of future demand. To better help drivers make decisions, the platform
usually shares the demand and promotion data in the past six months. With historical
data, drivers can have a better estimation for the future demand.

Drivers are paid a fixed revenue share per ride. The commission rate for out-of-
network drivers is higher than that for in-network drivers, and the rate is constant across
service tiers. The driver’s service tier is predetermined by the car model, which is fixed
during the contract. Even though the platform offers promotions to consumers, drivers
are paid according to their tier-level compensation rate. For example, a premium tier
driver who takes an upgraded order from the basic tier receives the compensation based
on the price of premium tiers. Note that a coupon can be applied to any service tiers,
but upgrades apply only to in-network drivers.

The platform actively employs two promotional methods to grow its customer base:
price discounts and service upgrades. The optimal level of promotions at the market
level are determined by the platform at the beginning of each month. Price discounts
are implemented as coupons, which allow customers to enjoy a direct price deduction
during booking, e.g., 5 yuan off or 10% off the total cost. In contrast, service updates
allow customers to enjoy a better service without additional costs. For example, a
customer who makes a reservation for the basic service tier could be upgraded to the

premium- or luxury-car service. When this occurs, the customer still pays the basic-tier
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rate, which is lower than the price charged by the higher-tier driver, and the difference
is absorbed by the platform as a marketing cost. Consumers know the coupon face
value before they search and make the reservation. After the reservation is made, the
platform starts to dispatch the order, and consumers will be informed of the driver's
information once the order has been successfully dispatched. The upgrade is unknown
to consumers until the dispatch is finalized.

Per our discussions with the management team, during our data collection period,
the focal platform did not employ any personalization in their promotion strategies. In
other words, the coupon distribution (in terms of frequency and discount depth) and the
upgrade opportunity are an endogenous decision of the platform based on their profit
maximization objective but not based on customer characteristics or transaction
history.

If the customer uses a coupon or receives an upgrade, the platform receives the
revenue based on the reservation rate minus the coupon (if applicable) but pays the
driver according to his or her tier-level compensation rate. When the revenue is lower
than the platform’s payment to the driver, the profit for the platform is negative, which
can be thought of as the platforms’ marketing cost. Note that a coupon can be applied
to any service tiers, but upgrades are applicable only to in-network drivers.

2.3.2 Descriptive Statistics
Customer reservations and tier choice

In this section, we describe our data and present descriptive statistics. Our data

include all the reservations from the platform’s thirteen largest markets over a period

of 21 months (from January 2017 to September 2018). Each reservation includes the
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information on four aspects: the order fulfillment, the rider, the driver, and the payment.
The order fulfillment information includes the pick-up and drop-off locations, ride
time, fulfilled service tier, and, if the order is canceled, the reason(s) for cancellation.
The rider information includes the flight or train information, requested service type
(which would be different from the fulfilled service tier in the case of an upgrade), and
reserved time. The driver information includes the driver’s ID, car type, in-network
status, and the time when the driver accepted the order. The payment information
includes the estimated price (which the customer sees when making the reservation),
the final ticket price for the ride (before a discount), the actual payment (after a
discount), and the discount depth (if applicable).

Table 2.2 presents the summary statistics for reservations by service tier.
Approximately 52% of the reservations were made for the basic tier, 38% for the
premium tier, and the remaining 10% for the luxury tier. The average ticket price is
¥120.0 (SD = 25.6), ¥136.0 (SD = 24.6), and ¥191.3 (SD = 43.0) for the basic,
premium, and luxury tiers, respectively.® Reservations for the basic or premium tier
have a positive probability of being upgraded to a higher tier. On average, 18.33% of
the basic-tier reservations were promoted to premium, and 7.96% of the premium-tier
reservations were upgraded to luxury. In theory, a basic-tier reservation could be
upgraded to the luxury tier, but such upgrades are negligible in our data.

In terms of coupons, coupon incidence is the percent of reservations that used a
coupon. In our data, more than 60% of the orders applied a coupon, regardless of the

service tier. The average coupon depth ranged from 17.40% off (the ticket price) for

3 The means are equivalent to USD $18.50, $21.00, and $29.60 for the three tiers, respectively.
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the luxury tier to 25.65% off for the basic tier. The average face value of coupons is
similar across tiers, the mean being approximately ¥32.0.

Table 2.2 Descriptive Statistics of Reservations by Service Tier

Service Tier
Basic Premium Luxury
# of Bookings 2,962.1 2,420.8 604.2
g (1,913.4) (2263.7) (484.7)
Fraction of Bookings (%) (i’i'i) (i;g) (g'g)
. . 120.0 136.0 191.3
Ticket Price (¥) (25.6) (24.6) (42.0)
18.33 7.96 0
Upgrade Rate (%) (14.22) (9.04) ©)
Coupon Incidence Rate (%) (ﬁé% (6986291) (ﬁég)
25.65 26.04 17.40
Coupon Depth (%) (7.79) (6.67) (7.00)
32.11 32.35 32.23
Coupon Face Value (¥) (10.11) (10.97) (14.13)

Note: The unit of observation is a market-month combination. The numbers are mean and standard
deviation (in parenthesis).
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Figure 2.1 Reservations by Month and Market

In Figure 2.1, we depict the number of reservations for each tier over time (the left
panel) and across markets (the right panel). We find that there is substantial seasonal
variation over time and geographical variation across markets, indicating that it is
critical for our model to account for time and market heterogeneity. Furthermore, we

plot the average coupon value by tier in Figure 2.2 and the update rate in Figure 2.3,
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which also confirm the data variation by tier, month, and market. The within-market

panel data variation per tier plays an important role in identifying our parameters of

interest, which will be explained in more detail in the Model and Estimation Section.
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Figure 2.2 Average Coupon Face Value by Tier
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Figure 2.3 Upgrade Rate by Tier
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Lastly, we compare the marketing cost of providing upgrades and coupons from the

platform’s perspective. An upgrade from basic to premium tier is equivalent to a

coupon with a 16.0% price discount, and an upgrade from premium to luxury tier is

equivalent to 28.9% off. The average coupon depth for premium and luxury are 26.0%

and 17.4%, respectively (see Table 2.2). Thus, from the marketing cost perspective, a

free upgrade is less costly for basic-tier reservations but more costly for premium-tier

reservations.



Driver behavior

In this section, we present descriptive statistics for the in- and out-of-network drivers.
Table 2.3 presents the summary statistics for driver-related variables. As expected,
there are more lower-tier drivers than higher-tier drivers on the focal platform. There
are also more out-of-network drivers than in-network drivers: on average, each market
has 80.54 (SD=31.19) in-network drivers and 1,051 (SD=934.25) out-of-network
drivers who ever fulfilled an order in our data. The in-network drivers fulfilled more
orders than out-of-network drivers did. On average, an in-network driver provides
30.51 rides (SD=8.85) per month, in contrast to the average of 2.24 rides (SD=1.18)
for an out-of-network driver. This is consistent with the fact that the platform gives
priority to its in-network drivers. Figure 2.4 depicts the composition of in- and out-of-

network drivers from different tiers and the average rides they provide each month.

In-network Drivers Out-of-network Drivers
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Figure 2.4 Number of Drivers and Average Rides per Driver by Tier*

* Note: The height of the bar represents the average number of drivers per market per month for each
tier, with the error bar representing 95% confidence interval. The line chart depicts the average number
of rides and the 95% confidence interval for each tier.
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Table 2.3 Descriptive Statistics of Driver Variables by Service Tier

In-network Drivers Out-of-network Drivers
Basic Pr??'u Luxury All Basic  Premium  Luxury All
# of Drivers 28.15 37.99 17.29 80.54 508.74 429.74 112.89 1,051
(13.50) (17.74) (12.34) (31.19) | (457.21) (456.81) (99.63) (934.25)
Average
Rides 31.82 31.20 24.66 30.51 2.06 1.89 141 2.24

(per driver  (12.51) (10.37) (12.41) (8.85) (1.26) (1.11) (0.99) (1.18)
per month)

Earnings  84.01 9520 13391 12291 | 9600  108.80 153.04  140.47
(perride)  (17.92) (17.22) (29.40) (24.05) | (20.48)  (19.68) (33.60)  (27.48)

Retention  65.82  67.89  68.67  67.40 | 42.86 4419 4504  43.66
Rate (%)  (17.08) (13.45) (17.01) (11.85) | (16.37)  (16.06) (17.19)  (15.21)

#?:d'\ég‘é"'y 863 1230 582 2674 | 22730 25542 6507  547.80
Drivers (7.96)  (9.27) (5.74) (17.61) | (220.39) (318.52) (68.79) (464.01)

The platform charges a fixed commission rate: 30% from the orders fulfilled by in-
network drivers and 20% from those fulfilled by out-of-network drivers. The
commission rate is constant across service tiers. It is straightforward to see that the
average earning per ride for in-network drivers is 84.01 (SD=17.92) for the basic tier,
95.20 (SD=17.22) for premium, and 133.91 (SD=29.40) for luxury, which is
proportional to the ticket price for each corresponding tier.

A Kkey characteristic of ride-share platforms is that drivers can actively decide
whether to stay on the platform. A stable driver base is critical for sustaining the
network effect. Thus, we examine driver retention and turnover behaviors. On our
platform, the in-network drivers are more likely to retain than the out-of-network
drivers: the overall retention rate is 67.40% (SD=11.85%) for in-network drivers and

43.66% (SD=15.21%) for out-of-network drivers. Across the service tiers, drivers from

23



the premium and luxury tiers have a slightly higher retention rate than those from the
basic tier.
2.3.2 Reduced-form Evidence

To motivate our structural model, it is important to understand on how the two
promotion methods (i.e., price discounts and upgrades) are associated with consumers’
choices and drivers’ decisions. In this section, we present the ordinary least square
(OLS) regression results and discuss some descriptive evidence.
Consumer decisions

For individual consumers, two decisions are of particular importance: (1) to return
to the platform, and (2) to switch to a higher service tier. We measure a customer’s
returning decision using the number of repeated reservations for each customer. Among
the over one million unique users on the platform, roughly 22% made multiple
reservations during our data collection period, among whom the majority had less than

five transactions (see Figure 2.5).
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Figure 2.5 Reservation Frequency for Individual Customers

The switching behavior refers to whether the customer voluntarily switched to a
higher tier in future transactions. For example, if customer i in market m booked the
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basic tier before transaction f and the premium tier at transaction f, s/he is categorized
as SwitchHigh; ¢ = 1. If s/he consistently booked the same tier, SwitchHigh;,r =
0. For customers without multiple reservations, SwitchHigh;,¢ is undefined.
Customers’ transaction frequency and switching status are then regressed on the

promotion variables using the following specification:
Frequency;,, = Bo + B;Upgrade;,, + B, Coupon;y, + ®p, + €jn, (2.1)

SwitchHigh;,f = Bo + By PastUpgradejy, ¢—1 + B, Couponjys + B3 PastCoupon;y, ¢1

+ Tripims + Py + €ims (2.2)

In Equation 2.1, Upgrade;,, is defined as 1 if customer i in market m ever received
an upgrade and 0 otherwise; Coupon;,, is the average discount amount (¥) that i used
across all bookings; and @, is the market fixed effect. In Equation 2.2, the dependent
variable is the switching status at transaction f of customer i. Thus, variable
PastUpgrade;y, ¢—; equals 1 if customer i upgraded at the previous transaction f — 1
and 0 otherwise; Coupon;y,¢ iS the coupon amount that i applied for the current
transaction f; PastCoupon;y, ¢4 is the coupon amount for the transaction f— 1; Trip;p,¢
captures the trip characteristics, such as the trip distance and whether it happens during
weekdays; and ®,,, is again the market fixed effect.

The regression results are presented in Table 2.4. We find that having upgrades is
positively associated with customers’ transaction frequency and the switching status.
Customers who upgraded in the past are not only associated with more reservations,
but also are more likely to switch to a higher tier in the future. Not surprisingly, a higher
price discount is positively associated with reservations. However, the influence of

price discounts is mixed on the likelihood of switching: the past coupon has a positive

25



effect while the current coupon’s effect is negative, indicating that receiving a deeper
discount motivates consumers to stay with the current tier while deeper discounts in
the past is positively associated with the odds of customer switching to a better tier.

Table 2.4 OLS Regression Results on Customer Decisions

Frequency SwitchHigh
Est (SE) Est (SE)
Upgrade/PastUpgrade 0.734*** (0.004) 0.823*** (0.021)
Coupon 0.117*** (0.001) -0.003*** (0.000)
PastCoupon 0.014*** (0.000)
Distance -0.010*** (0.001)
Weekday -0.013 (0.010)
Constant -2.953*** (0.049)
Market Fixed Effect Yes Yes
Observations 1,128,458 257,683

*** p<0.001; ** p<0.01; * p<0.05; + p<0.1

The results in Table 2.4 seem to suggest that price discounts can help retain
customers on the platform, but they are not effective in promoting higher-tier services
(which have higher margins and thus are more profitable for the platform). In contrast,
service upgrades show a positive correlation with tier promotion as well as customer
retention. These correlations provide suggestive evidence that these two promotion
methods may have different managerial implications for the focal platform, which we
will formally model in the Model and Estimation section.

Driver decisions

On the driver side, an important question is whether a driver is retained on the

platform, because a stable supply of drivers is critical to attract demand and sustain the

network effect for the platform. This analysis is only relevant for the in-network drivers
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because out-of-network drivers serve the platform only when there is an excessive
demand.

We use variable Retain;ym to denote whether driver j of tier k remained on the
platform in market m at time t. We model the retention behavior as a function of several

factors: (1) the driver individual fixed effect a;; (2) the wage that driver j earned in the
past, PastWagejim ¢—1; (3) the total demand at time t; (4) the tier fixed effects Ty, and

(5) the market-time fixed effects ®,,,.. The specification is as follows:
Retainjy,, = o + & log(PastWagejim 1) + & log(Demandype) + T + Prne + €eme (2.3)
Estimates of Equation 2.3 are reported in Table 2.5. Results show that after
controlling for the driver’s past earnings, the current demand is positively correlated
with the driver’s likelihood of remaining on the platform. In other words, there is
evidence that the demand shock on the platform is likely to have a spillover effect on
the supply side. When analyzing the effect of promotions on the focal platform, we
need to take the demand-supply spillover effect into consideration. Existing marketing
literature on promotions has not sufficiently considered this spillover effect, which
constitute an intended contribution for our study.

Table 2.5 OLS Regression Results on Driver Retention

Est (SE)
log(PastWagejjum t—1) 0.039*** (0.000)
log(Demandy,) 0.028*** (0.005)
Individual Fixed Effect Yes
Market-time Fixed Effect Yes
Observations 64,896

*** p<0.001; ** p<0.01; * p<0.05; + p<0.1
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Combining the reduced-form evidence from Tables 2.4 and 2.5, we derive
interesting correlational insights on the effects of promotions. Price discounts and
service upgrades are both associated with a higher likelihood of repeated transactions
for customers, i.e., positive user-stickiness effect. For a two-sided market, an increase
in demand provides incentives to encourage driver retention, leading to the classic
cross-side network effect. Furthermore, upgrades are positively related to a customer
switching to a higher-tier in the future, which means that the spillover effect caused by
upgrades goes beyond the same tier. This effect, however, is not found for price
discounts: switching is only positively correlated with the past but not current discounts.
Because different service tiers have different profit margins, the reduced-form evidence
seems to suggest that the two promotion methods could have differential profit
implications for the platform. These results, of course, are based on correlational
evidence. In the next section, we develop a structural model to formally examine the
role of promotions by jointly analyzing the user-stickiness effect and the spillover
effect on the platform.

2.4 Model and Estimation

In this section, we present the structural models and discuss the estimation. We
explicitly consider the decisions of three types of agents: consumers, drivers, and the
platform. In each time period, we assume that the timing of actions is as follows. Given
the current number of drivers, the platform first sets the optimal discount level and
upgrade rate. After observing the discounts, consumers decide whether to make a
reservation and if so, they decide which tier to book. Finally, drivers have an

expectation of how much they can earn from the platform and decide whether to remain
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for the period. The sequence of decisions is depicted in Figure 2.6. We first present the
demand-side model followed by the supply-side model and the platform’s

maximization problem.

Platform sets the Consumers decide In-network drivers
optimal levels of whether to make a decide whether to stay
discounts and upgrade reservation and if so, on the platform based
rate which tier to book on the expected wage

Figure 2.6 Decision Process

2.4.1 Consumer Decisions

Consumers on this platform follow a two-stage decision-making process®. They
first decide whether to book a service from the platform, and if so, they decide which
tier to choose.

In the first stage, the reservation utility for consumer i in market m at time t is
specified as follows:

Uime = @3 Cime + az log(Distime) + E[max{Uigme}] + Pme + &ime (2:4)

In Equation 2.4, the first two terms are specific to the incidence of the focal
reservation: C;p,; is the price discount amount that i can apply to the current reservation,
and Dist;, is the trip distance. In our data, we can only observe the coupon usage when
there is a transaction and do not observe when the coupon is distributed. Because of
this, we assume that a consumer will redeem the coupon if she has one. Coupons can
be applied to any tier and the trip distance is the same for a single trip. Thus, both

features are captured at the first stage. Term E[max{U;}] is the inclusive value,

> Hierarchical choice structures for consumer decision-making procedures have been widely adopted
by previous research, such as Kannan and Wright (1991).
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which captures the expected utility from choosing the best tier k for a given
reservation.® Term @Y, is the market-time fixed effect,” and €}, is the idiosyncratic
error, which is assumed to be i.i.d. after controlling for all the terms in the model. If
consumer i decides not to make a reservation on the platform, s/he chooses an outside
option, which could be not making a trip or choosing a better alternative. The utility
for the outside option is denoted as ul,,, = &/9,.
Next, we specify i’s utility of choosing the service of tier k (denoted as Ujype). Tier
k can take one of three values: k =1 refers to the basic service; k =2 is the premium
service; and k =3 is the luxury service. Consumer i derives the following utility when
booking tier k € {1, 2, 3}:
Uikmt = Tk + B1Sike + B2Pime + B3 108(Niem,e—1) + Efkeme (2.9)
Consumer i’s utility for tier k depends on the tier-specific preference, which
consists of the tier fixed effect Ty and an individual’s deviation from the mean. We
model the systematic individual preference as a function of whether the individual has
experience with tier k. Following the state-dependence specification as in Sudhir and
Yang (2018), we capture past experience using S;.., which equals 1 if i had experience
with k before t, and 0 otherwise. Also, the experience here is independent of the market
since the service tier is based on car models, which is the same for each market.

Allowing past experience to affect the current booking utility has implications in our

6 Here, we assume the coefficient of the expected utility equals one for tractability of the FOC
calculation, which is similar to Zheng et al. (2020).

722 % of consumers make multiple transactions. If a consumer made more than one reservation within
the same month, the reservations are modeled as independent choices.
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setting. Suppose the platform upgraded i’s booking to a higher tier k (k =2 or 3), the
consumer would receive an opportunity to experience tier k and reduce uncertainty
about the service. If the experience was positive, the consumer would derive higher
utility for k in the future. All else being equal, the consumer’s likelihood of booking
tier k increases.

Furthermore, the utility is a function of the tier-specific unit price, Py, and the
quantity of the supply Ny due to the cross-side network effect. Here Ny, refers to
the number of in-network drivers of tier k in market m at time t. The platform adopts a
static pricing strategy so that prices are fixed and predetermined. Therefore, there is no
correlation between the price and the error term which exempts the price endogeneity
on the demand side. As modeling the cross-side network effect, we assume that a
consumer forms an expectation of the current supply based on her past experience: the
number of drivers in the past month (N, 1) enters the utility to approximate the
current supply size in month t. By doing so, the endogeneity due to simultaneity is
accounted for. Moreover, consumers can predict the supply size based on the past
waiting time. In the appendix, we show a negative relationship between the number of
drivers and consumers’ waiting time. More drivers on the platform will result in a
quicker response time, which leads to higher utility for consumers. All else being equal,
it is expected that consumers would derive higher utility in response to an increase in

supply, as the higher availability of drivers can reduce the wait time and/or increase the

31



chance of making a successful reservation. The driver size enters Equation (2.5) in a
logarithm format to reflect the diminishing return of the supply.®

Lastly, €l is the idiosyncratic error term that follows Type | Extreme Value
distribution. During the estimation, the luxury service k=3 is treated as the reference
level, i.e., T; is normalized to 0. Thus, T; and T, represent the difference of customers’
average preference between the luxury and the basic tier, the luxury and the premium
tier, respectively. The market- and time-fixed effects are excluded from Equation (2.5)
because they are constant across tiers for the same market and time combination.
2.4.2 Driver’s Decision

Aforementioned, on the supply side, there are two types of drivers on the platform:
in-network and out-of-network. In this section, we focus on the decisions of in-network
drivers who serve the majority of the orders. In-network drivers decide whether to
renew their contracts at the beginning of each month. We assume that drivers form an
expectation of how much they can earn from the platform during the period. To
better help in-network drivers make decisions, the platform usually provides demand
and promotion data for the past six months. With historical data, drivers can estimate
future demand more accurately.

If the expected earnings exceed the outside option, the driver remains with the
platform for the period; otherwise, the driver leaves the platform. The driver’s

retention utility, denoted as vjym¢, is modeled as follows:

8 Occasionally, rideshare platforms experience a supply shortage and need to cancel reservations causing
greatinconvenience and disutility for consumers. In Appendix A, we include an analysis, which confirms
the negative relationship between wait time and the number of drivers for each tier.
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Vikmt = Mo + M1 10g[E[ dime] * (1 = ¥) * Py * distyye| + natier + ®hy + Eme + Eme  (2.6)

Here, n, represents the average benefit of serving on this platform, which is
constant across all drivers from all markets. The second term is the driver’s expected
wage at time t to capture the deviance from the mean, which we describe in detail next.
Tier refers to the tier of driver j. Retention can vary by market and time, which is
captured via the fixed effects ®y,.. Furthermore, the retention utility is affected by
unobserved shocks that are specific to the tier, market, and time, denoted as &ynt-
Lastly, &l IS the idiosyncratic error term that follows the Type | Extreme Value
distribution.

A driver’s expected wage is defined as the product of the expected realized demand
dy.m?, the commission rate (1 — y™) paid to drivers, the unit price, and the average
distance of the trips. Since the services in our setting are primarily for picking-up or
dropping-off customers at airports or train stations, drivers know the average distance
in each market. The unit prices and the commission rates are also known to the drivers.
Therefore, the only uncertain term for drivers is future demand, dy,, for which the
drivers would form an expectation. The expected wage enters the utility in the

logarithm form to capture the diminishing return of this effect.

® We model drivers’ retention decision based on total demand instead of individual demand since in
our context, in-network drivers are under direct control of the platform and have fixed shifts based on
the contract. Also, we are focusing on how do different user growth strategies affect demand and supply.
Here the direct network effect on the supply side is not our first order concern, and we leave it for future

research.
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Due to free upgrades on the platform, the realized demand is a function of the
reservation demand d,,; and the upgrading probability 6;,;:
almt =(1- elmt)dlmt
dame = B1medime + (1 = O2me)dame (2.7)
d3mt = O2mtdzme + dame
We have the following assumptions. Firstly, we assume that drivers know the
distribution of the upgrade rates (6y.,,:) and the reservation demand (d,,;). Secondly,
the upgrade rate is independent of the reservation demand. Lastly, we use the true
upgrade rates and the reservation demand for month t to approximate the means. These
assumptions are based on the fact that the past demand patterns and promotion data are
disclosed to in-network drivers. In this way, drivers can predict the future using the
historical data, which validates our assumptions of using the true data to approximate
the means. Alternatively, one can adopt a time-series model that predicts the demand
for time t using historical data and then takes the predicted value as the mean of the
demand or upgrade rate. The assumption of the independence of the two distributions
is based on the low correlations between the upgrade rates and reservation demand
from the data.
Assuming that drivers in each market know the distribution of the upgrade rates,
the expectation is approximated based on the average upgrade rate observed in each

market, leading to the following equations:
E[almt] = (1 - 01m)dime
E[damt] = O1medime + (1 = O2m¢)dome (2.8)

E[aSmt] = Oamedome + d3me
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With Equations (2.6) through (2.8), we can now derive the market share for the
drivers who choose to stay on the platform. Let sy, denote the market share of the

retained drivers, which can be computed as:

_ _exp (Skmd)
Skt = T exp (Skmo) (2.9)

where 8ym¢ = Vikmt — €jkmt-
If driver j decides to leave the platform, s/he chooses the outside option whose

utility is normalized to 0. Thus, the market share for the outside options becomes:

1
1+exp (8xkmt)

(2.10)

Skmt =
We denote the number of retained drivers as Ny, and the total number of available
drivers as Nf, . Thus, we have the relationship: log(Skmce/Stme) =

10g (Nime/Nime — Nime)- 10 our setting, the pool of available drivers is so large that

the number of drivers who choose the outside option is much greater than the number

of those who work as platform drivers, i.e., Ni . — Ngme > Nime . With the

assumption that N . — Nyme = N, We obtain the following equations:

10g(Nime) = Mo + M1 108[(1 — 01 me)dime * (1 — ™) * Py * disty] + nptier + 03 log(NT ) + @Y,
+ &imt

log(Nyme) = Mo + 14 log [[91mtd1mt + (1 = 0ym)dome] * (1 = y™) * Py * distmt] + n,tier

+ M3 10g(N7me) + Pt + Eame
10g(N3me) = Mo + M1 108[(02medameFdime) * (1 — y™) * Papye * distyye] + natier + 13 log(N3 o)
+ (D&t + ESmt

(2.11)
Note that the retention decision is only relevant for the in-network drivers who have

a month- by-month contract with the platform. In contrast, the out-of-network drivers
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are not bound by contract and are recruited only when the platform experiences
excessive demand. Out-of-network drivers are more costly to acquire, and their
availability is less stable and more difficult to predict. Thus, the platform prefers having
a stable supply of in-network drivers. The size of in-network drivers is also a key factor
for the cross-side network effect. Sustaining the driver base saves potential opportunity
costs for the platform, which plays an important role in the platform’s marketing
strategy. In the next sub-section, we specify the profit maximization problem of the
platform, which formally incorporates both the choice decisions for consumers and the
retention decisions for drivers.
2.4.3 Platform Decisions

As in any two-sided market, consumer utility depends on supply (i.e., the
aggregated outcome of the drivers’ retention decisions), and driver utility depends on
demand (i.e., the aggregated outcome of the consumers’ reservation and the tier choice
decision). The platform can influence the cross-side dynamics via the marketing
variables such as discounts and upgrades. The discount level and the upgrade rate are
endogenously determined by the platform based on its profit maximization, after
simultaneously considering the demand-and-supply network effects. In this section, we

present our model for the platform decisions.*°

10 Due to the data limitation, we only observe the coupons and upgrades when a
transaction exists. Thus, we simplify the promotion decisions by assuming that the

platform decides each consumer's average coupon face value and the upgrade rate for

36



The platform employs both in-network and out-of-network drivers and the
commission rates from the two types of drivers are denoted as y™ and y°ut,
respectively. The platform’s total revenue minus driver’s commission equal:

p1mtdi5tmt{yom[(1 — 01m)dime — A1imeNimel + yinqlthlmt}
+ Py sty (YU [(1 — 02me)d2me — QzmeName) + V" domeNome)

+ PSmtdiStmt{yout[(l - e3mt)d3mt - q3th3mt] + Yinq3th3mt}

3
= (Yin - Yout)diStmt Z PumtdkmeNkme + YoutdiStmt[(1 — 01mt)dimtPime
k=1

+ (1 = O2me)d2mePeme + d3mPame]

(2.12)

The total revenue is calculated as the number of orders times the per-transaction
revenue, Pydist,,. The number of orders that are fulfilled by in-network drivers
equals the number of in-network drivers times their average fulfillment. We denote the
average number of orders that are fulfilled by a tier-k in-network as qym:, Which is
known to the platform at the beginning of each time t. Since orders are dispatched to
in-network drivers first and out-of-network drivers participate only if there is excessive
demand, the total number of orders that are fulfilled by out-of-network drivers equals
the realized demand after free upgrades minus the orders that are served by in-network
drivers. According to the platform, the commission rate from in-network drivers (y" =

0.3) is higher than that of out-of-network drivers (y°"t = 0.2).

each market m and time t. And our model captures the average effect of different

promotions, providing rich managerial implications to platforms.
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We would like to emphasize that driver retention is critical for platforms’ growth,
as they are competing for service providers as much as they compete for consumers.
Whereas extant literature has extensively studied customer retention and customer
value, in this paper, we explicitly examine the value of service providers and model
how providers’ retention plays a role in profit maximization for the platform.
Specifically, the platform solves the market-specific optimization problem with respect
to discount level (c,,.) and upgrade rates (from basic to premium 6, and from

premium to luxury 6,,,.) as follows:

{01mt:92mt, Cmt}

3 3
max 2 katNkmt + (yin - Yout)diStmt Z Pkmtqkthkmt
k=1 k=1
+ v diste[(1 — 01 me)dimtPimt + (1 — 02m)damtPame + damePamtl
3
— Cmt Z dkrnt - (1 - Yin)diStmt [elmtdlmt(Pth - Plrnt)
k=1

+ 02mtdzmt(Psme — Pamt)]

(2.13)

The objective function of the platform consists of three components: the benefits
from retaining in-network drivers, the total revenue minus driver commissions, and the
marketing cost of providing price discounts and free upgrades. In Equation 2.13, the
first term represents the benefits of retaining in-network drivers for tiers 1, 2, and 3.
Here, Ny n: represents the number of drivers for tier k who are retained on the platform
in market m at time t. The marginal benefit of retaining a tier-k driver, denoted as Ry,
can be understood as the opportunity cost of retaining a driver for tier k: if a driver

quits, the platform has to incur acquisition costs to fill the vacancy. Intuitively, with
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one more in-network driver retained, the platform saves Ry... The next term
corresponds to the platform’s earnings in Equation 2.12.

The remaining terms in Equation 2.13 correspond to the marketing costs of coupons
and upgrades. The total cost of price discounts is the average coupon amount c,,; times
the total demand Y3 _, dyme.** The last term corresponds to the cost of free upgrades:
(Pt — Pime)dist, represents the total loss in revenue due to free upgrades from tier
k to k+1.

For ease of exposition, we omit the market and time subscripts and re-write
Equation 2.13 as:

Anax, M=Y3_, ReN + (¥ — y°utdist Y3 _, PeqiNy + yoUtdist[(1 — 6,)d,P; +
(1 —0,)d,P, + dsPs] — ¢33, di — (1 — y™™)dist[0,d; (P, — P,) + 8,d,(P; — P,)]

(2.14)

The FOCs of the platform’s optimization problem become:

M~ N . L N, , . ,
— = Z Ry—+ (y"" — y°“t)dlstz Py qx=—— — y°"'d, P, dist — (1 — y"™)d, (P, — P;)dist = 0
00, £y *00, £, <98,

3 3
oIl ON . N .
— = Z Ry — + (yin — yo‘“)distz Py Q. — — y°utd, Pydist — (1 — yi")d, (Ps — P,)dist = 0
06, L 96 a 26,

dad,
ac dc
k=1

3 3
ol ON . ON
= z Rka_ck + (ym - yout)distz Py qka_ck + youtdist[(1 — 0,)P,d,
k=1

3

ad, _ ad, ad,
+ (1—92)P2¥+P3¥—CZ§
k=1

. ad od
di— (1 — y™)dist[8; —= (P, — P) + 8, = (P —P,) = 0

|
)
NG
g

11 Note that the coupon amount is independent of upgrading; thus, shifting the demand across tiers does
not alter the total cost due to coupons. Therefore, the coupon cost only depends on the total demand

summed over diy;.
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(2.15)

With the FOCs and the estimates from the demand and supply models, we can
recover the benefit parameters Ry,,;. The derivation of FOCs is in Appendix C. So far,
we have completed the model specifications for the consumers, the drivers, and the

platform, respectively.

2.5 Results

In this section, we present the parameter estimates for the structural models. Based
on the estimates, we conduct a counterfactual analysis that quantifies and compares the
overall effects of price discounts and free upgrades.
2.5.1 Parameter Estimates
Consumer decisions

We begin by presenting the parameter estimates for consumers’ reservation
decisions. The results are in Table 2.6. Not surprisingly, a deeper discount is associated
with a higher probability of making a reservation (0.043, p <0.001). All else being equal,
a consumer is more likely to book a service if she receives a higher price cut to reduce
the cost of the trip. In addition, the likelihood of booking increases with the trip distance
(0.360, p <0.001), suggesting that the reservation service offered by the platform is
more attractive when consumers need a longer ride.

Table 2.7 presents the parameter estimates for the tier-choice model. When deciding
which tier to book, a consumer considers the following factors for each tier: the unit
price, whether s/he has had experience with the tier, the number of drivers, and the

overall preference for each tier. The price coefficient is estimated to be negative and
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significant (-0.174, p<0.001). The coefficient for the number of drivers is estimated to
be positive and significant (0.153, p <0.001), confirming a positive cross-side network
effect on this platform. All else being equal, consumers derive higher utility from a
larger pool of available drivers. We also find a positive and significant effect for state
dependence (0.976, p <0.001): the experience with a tier leads to the higher utility for
that tier in the future. The positive effect of past experience could justify the economic
gains for the platform offering free upgrades. Lastly, the average tier preference of the
basic and premium tier is higher than that for the luxury tier (which is used as the
reference level). This could indicate that on this platform, consumers may not be fully
informed about the true valuation of the higher tier. Thus, providing free upgrades can
help customers learn the true quality of higher tiers.

Table 2.6. Consumer Decision: Making a Reservation

Est (SE)
Discount 0.043*** (0.000)
Log(Distance) 0.036*** (0.006)
Constant -3.575*** (0.072)
Market-time Fixed Effects Yes
Observations 2,960,833

*** p<0.001; ** p<0.01; * p<0.05; + p<0.1

Table 2.7 Consumer Decision: Tier Choice

Est (SE)
Price -0.174*** (0.008)
Experience 0.976*** (0.007)
Log(NumDriver) 0.153*** (0.001)
T1 1.083*** (0.023)
T2 0.830*** (0.017)
Observations 882,567

*** p<0.001; ** p<0.01; * p<0.05; + p<0.1

41



Driver decision

Next, we discuss our results on driver retention. Table 2.8 presents the estimates for
Equation 2.11. After controlling for the market-time fixed effects, the expected wage
is positively correlated with the number of in-network drivers (0.694, p <0.001). In
other words, whether or not a driver stays with the platform is positively associated
with the amount of revenue that s/he expects to make on the platform at time t. This
indicates that the cross-side network effect from demand to supply is also present on
this platform. Furthermore, the coefficient for the tier is estimated to be negative and
significant (-0.073, p <0.001), indicating that drivers in lower tiers are more likely to
remain on the platform than those in higher tiers.

Table 2.8 Driver Retention Decision??

EST (SE)
Log(Wage) 0.694*** (0.023)
Tier -0.073*** (0.017)
Constant -3.286*** (0.342)
Market-time Fixed Effect Yes
Observations 819

*** p<0.001; ** p<0.01; * p<0.05; + p<0.1

Platform decision

Table 2.9 presents the estimated value of retaining an in-network driver. Overall,
the value for retaining a lower-tier driver is smaller than that for retaining a higher-tier
driver. This can also be understood that on this platform, the opportunity cost is higher
if a higher-tier driver leaves the platform. In particular, the value for the basic-tier driver

is significantly lower than that for the premium or luxury tier, as the 95% confidence

12 Note: The estimation is conducted using the market-level share for the drivers who choose to
remain on the platforms.
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interval for the basic-tier driver does not overlap with those for the other two tiers. This
result provides another reason the platform is incentivized to provide free upgrades: the
platform gains relatively more from retaining a higher-tier driver, and thus it benefits
from shifting the demand to higher-margin drivers. This payoff from upgrades is due
to supply-side factors and because free upgrades can boost customer experience and
thus increase future demand.

Table 2.9 The Value of Retaining Drivers'?

EST (SE) 95% CI
Basic (R1) 5,289.9 (3,661.7) [4,864.5, 5,733.2]
Premium (R2) 6291.2 (2,962.8) [5,939.7, 6,642.6]
Luxury (R3) 6,848.1 (3,452.8) [6,438.5, 7,257.7]

2.5.2 Promotion Effectiveness

Based on the parameter estimates, we now calculate the return on investment (ROI)
of different promotions. Our simulation steps are as follows. To quantify the ROI for
price discounts, we keep the number of free upgrades the same as in the data but reduce
the discount at time t by 50%. Given the new level of price cuts, we simulate the
equilibrium consumer decisions and the subsequent in-network driver decisions at time
t. Due to the cross-side network effects, we then take the updated demand and supply
at time t as the input for the period t+1, while keeping the discount levels and upgrade
rates unchanged at t+1. The sum of the profits for the period t and t+1 becomes the

counterfactual profits for the reduced discounts. Thus, the difference between the

13 Note: The estimates are in the local currency where the platform operates. 1 local
currency is equivalent to 0.16 US dollars.
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baseline profit and the counterfactual profit corresponds to the value of providing
deeper discounts. The ROI of discounts for the period t is then defined as the ratio
between the profit gain and the cost of offering discounts. We repeat the process for all
periods and calculate the average. The ROI of upgrades is calculated in a similar way.

Table 2.10 presents the ROIs for each promotion method. Overall, a one-dollar
discount on this platform can bring a long-term profit of 1.853 dollars (SE = 0.313).
The ROI for free upgrades is found to be higher than that for discounts because
upgrades can directly impact the drivers’ decisions as well as consumers’ choices,
whereas discounts have a direct impact only on demand but an indirect effect on supply.
Between two types of updates—from basic to premium and from premium to luxury—
it is ex-ante unclear which one has a higher return. On the one hand, the luxury-tier
driver is more valuable to the platform (see Table 2.9), which would motivate the
platform to offer an upgrade from premium to luxury. On the other hand, an upgrade
to the premium tier can have a larger impact on demand than an upgrade to the luxury
tier because consumers are more likely to choose the premium tier than the luxury tier
(partially because of the larger driver pool in the premium tier). Thus, allowing
consumers to experience the premium service is more rewarding in terms of bringing
future demand. The net effect of these two factors would determine the relative size of
the ROI for the two upgrades. Our results show that for the upgrade of basic to premium,
a one-dollar investment would bring a return of 3.492 dollars (SE = 0.474), and for the
upgrade of premium to luxury, the return rate is 2.591 (SE = 0.483). Interestingly, the
ROI is higher when the platform upgrades a basic-tier booking to a premium tier than

upgrading a premium-tier booking to a luxury tier.
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Table 2.10 Return on Investment (ROI) for Promotions

Free Upgrades
Discount Basic to Premium to
(SE) Premium Luxury
(SE) (SE)
1.853 3.492 2.501
ROI (0.313) (0.474) (0.483)

2.6 Counterfactual Analyses

In this section, we conduct two counterfactual analyses. In the first analysis, we
propose a new incentive design for drivers and discuss the impact on consumers,
drivers, and the platform. In the second analysis, we unbox the mechanisms of user-
growth strategies and provide insights into the different promotion effects as the
platform measures. In both analyses, we explicitly incorporate the spillover effect of
promotions to account for the network effect between demand and supply.
2.6.1 Providing Driver Bonuses

With a fixed marketing budget, a new platform often needs to decide how to allocate
resources to provide monetary incentives for different user groups. Should the
incentives be given to the customers or suppliers or split between them? In our setting,
the platform provides direct incentives only to consumers in the form of coupons and
upgrades. For drivers, the incentives are indirectly realized through increased wages
(as a result of increased demand). To better understand this policy, we examine a new
incentive design in which the platform considers providing monetary incentives
directly to the drivers directly, such as giving drivers bonuses if they continue providing
service on the platform. This type of incentive has been adopted by on-demand

platforms such as Uber, Lyft, and Instacart with a clear intention to attract workers.
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With this new policy, in addition to the regular revenue earned from taking orders,
drivers can receive a bonus if they decide to remain on the platform. In our calculation,
we set the bonus budget at 60% of the marketing cost of price discounts4 and evenly
distribute the bonuses among active drivers at the end of each period. With this
retention bonus, drivers are more likely to remain on the platform. The incremental
driver retention will lead to higher demand and greater platform revenue through the
chain of network effects. To better illustrate the effect of this bonus policy, we do not
change the promotion levels. The results are presented in Table 2.11.

Our calculation shows a positive ROI for this bonus policy. The number of in-
network basic, premium and luxury drivers increase by 6.66%, 5.08%, and 12.98%,
respectively. Specifically, as the pool of in-network drivers increases, more orders will
be fulfilled by these drivers. In Figure 2.7, we compare the updated fulfillment rate by
in-network drivers with the actual rate and observe an increase for all three tiers. More
orders fulfilled by in-network drivers has two benefits: consumers incur shorter wait
times when booking because in-network drivers provide a more stable supply than out-
of-network counterparts; and the platform earns a higher commission due to the rate
difference between the two types of drivers. Taking both the revenue and the bonus
budget into consideration, the policy increases platform profits by 4.08%. This result
is consistent with Ming et al. (2019): they show that increasing drivers’ commission
rate leads to a profit increase. The ROI of the bonus policy is 1.662, suggesting that

providing a bonus to in-network drivers can be a potentially viable user-growth strategy.

14 60% of the marketing cost of price discounts is equivalent to around 10% of in-network drivers’
monthly wage. We also provide robustness check for alternative percentages in Appendix B.
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The ROI for driver bonus is also lower than that for coupons and free updates, justifying
the platform’s current practice: with a fixed budget, the marketing money is allocated
to promotion methods with a higher ROI.

Table 2.11 Provide Bonus to In-network Drivers

Basic (SE) Premium (SE) Luxury (SE)
Demand 0.36% (0.000) 0.32% (0.000) 0.36% (0.000)
Supply 6.66% (0.018) 5.08% (0.011) 12.98 (0.033)
Profit 4.08% (0.014)
ROI 1.662 (0.232)
80%
70%
[3]
4&; 60%
?:_‘ 50%
8 40%
£ . m Baseline
E 20% Bonus
10%
0%
Basic Premium Luxury
Service Tier

Figure 2.7 Fulfillment Rate by In-network Drivers

2.6.2 Marketing Mix at Different Stages

Our second analysis examines how the platform should adjust the marketing mix of
discounts and upgrades at different stages of its life cycle. As the platform penetrates
the market, the percent of experienced consumers would increase and the percent of
new customers would decrease, affecting the relative effectiveness of discounts versus
upgrades. With more experienced customers, naturally, the demand-side “sampling”

effect of free upgrades would be curtailed. However, the spillover effect on the driver
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side is still present. As we show in Section 2.6.1, having more premium- and luxury-
tier drivers reduces the wait time for consumers and increases the commission revenue
for the platform. As for the discounts, interestingly, our model shows that coupons are
more effective for new customers than for experienced customers because of the
positive coefficient for experience, as shown in Equation 2.5. However, because the
effectiveness of upgrades is ex-ante unclear, it is also unclear how the equilibrium
levels of discounts and upgrades would change in response to more experienced
customers.

To conduct this analysis, we compare the different stages of the platform when the
percentage of consumers who have used the basic and premium tier services increases
from 5% to 40%. We compute the equilibrium discounts and upgrades, and calculate
the updated platform profits and the ROI of the two promotions. Figure 2.8 shows the
changes in ROI at different stages. As the percent of experienced customers increases,
the ROI of upgrades increases whereas the ROI of coupons decreases. Again, this is
caused by two forces: (1) coupons are less effective for experienced customers on this
platform, and (2) the positive effect of upgrades on the supply side dominates the
diminishing return on the demand size. Interestingly, we also note that the importance
of upgrading to different tiers matters in this analysis. In the early stages, upgrades from
the basic to the premium tier are more efficient than those from the premium to luxury
tier. However, as the platform penetrates the market, upgrades to the luxury tier
increase the ROl much faster than upgrades to the premium tier because new consumers
tend to start with lower tiers and the importance of sampling a higher tier naturally

grows over time. Our findings indicate that when 40% of the consumers experience the
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basic and premium tiers, the effectiveness of the two types of upgrades becomes similar.
This trend provides managerial implications for the platform: discounts are more
effective in the early stage, and upgrades become more effective as the platform gains
greater market share. Specifically, the platform should consider leveraging the
investment on upgrades between the tiers at different stages. Early on, the platform
should focus on upgrades to the premium tier, but as it expands, the platform should

consider providing more upgrades from the premium to the luxury tier.

5

4 JE——
_ e — —— Upgrade: Basic to
8 3 Premium

2 Upgrade: Premium

to Luxury
1 T T T T Coupon
5% 10% 20% 30% 40%
% of consumers who have experienced the basic and premium
tier
Figure 2.8 Changes of ROI

2.7 Conclusion

This paper evaluates the effectiveness of different user-growth strategies on a two-
sided platform. Using transaction-level data from a leading transportation service
platform, we first show that two promotion strategies, price discounts and free
upgrades, help increase consumer stickiness and make drivers more likely to remain on
the platform. Moreover, given a free upgrade, a consumer is more likely to switch to a
higher service tier for the next booking, but this switching effect is not found for price

discounts. Our structural model takes a utility-based approach to model the consumers’,
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drivers’ and platform’s decisions. We find that the benefit of retaining a higher-tier
driver is larger than a lower-tier driver. Combining the spillover effects on the demand
and supply side, free upgrades are more efficient than price discounts in terms of ROI.
In our counterfactual analyses, we find that providing incentives directly to drivers can
at- tract more drivers and benefit the platform. A platform should also adjust its optimal
marketing mix of user-growth strategies in different stages. Our second analysis
indicates that the relative importance of discounts drops while the importance of
upgrades rises as the platform matures.

This paper suffers from a few limitations. First, we assume that consumers are
myopic With multiple experiences with the platform, one may argue that consumers
may learn the upgrade probability gradually and form an expectation of the upgrade
rate. However, due to the data limitation, we are unable to track and estimate consumers
learning behavior. Our data covers 21 months, and due to the specific service type
(airport transfers), only 22% of the consumers have multiple transactions. And over
80% of those with multiple transactions only booked two or three times. Learning the
upgrades via transactions will make consumers more strategic in choosing which tier
to book. Thus, it is important for the platform to examine consumers' strategic behavior
and adjust the upgrade rates dynamically.

Secondly, we assume that drivers’ retention decision is based on the total demand
and we do not consider direct network effects on the supply side. To model driver
competition, a more comprehensive model replaces the total demand d,,; with

drme/Neme @S calculating the expectation. In this way, drivers decide whether to
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renew contracts based on their own expected wage instead of the total salary for all
drivers.

Third, when modeling the platform’s decision, we build a reduced-form dynamic
model: the platform decides the optimal promotion levels by maximizing its profit
during current time period t. We include the term R,,,,; to account for the discounted
value of retaining a tier-k driver in the future. However, in a full-fledged dynamic
model, the platform determines the promotion levels in long run: current decisions will
influence the future revenue. Thus, instead of only considering the current revenue for
one time period, the platform maximizes the expected revenue in the future. We hope

future research can address these limitations.

51



Chapter 3: Hybrid Employment Modes for Ride-hailing Systems

3.1 Introduction

The original business model of ride-hailing services such as Uber or Lyft positioned
the service provider as an intermediary that matched independent contractor ride-
providers with potential customers. Such businesses formed a fundamental component
of the "gig economy" that enabled a workforce largely made up of personnel who, as
independent contractors, were responsible for funding basic life-support services
traditionally provided to regular employees. Over time a debate emerged as to whether
to classify independent-contract drivers as employees in gig companies and, as such,
to provide them a benefits package: In 2019, California passed a bill that classifies gig
workers as employees instead of independent contractors. This legislation, which is
called California Assembly Bill 5 or AB5, requires gig companies to adhere to
minimum wage laws and provide benefits and protections to their workers. However,
supported by Uber, Lyft, DoorDash, and Instacart, California's Proposition 22 was
approved in 2020, stipulating that ride-hail and food delivery workers could be
independent contractors. In 2021, a state judge in California ruled Proposition 22 to be
unconstitutional by stating that "It appears only to protect the economic interest of the
network companies in having a divided, ununionized workforce, which is not a stated
goal of the legislation.” In 2022, Washington State lawmakers passed the bill, HB 2076,
which gives ride-hail workers new benefits—sick pay, a process to appeal
deactivations, protections against retaliation, and workers' compensation (Feliz Leon

2022).
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These new regulations affect both gig companies and their workers. Once those
workers are classified as employees, gig companies have to provide benefits such as
health insurance and unemployment insurance to their employees, which will increase
the cost and significantly affect the profit margin. It can further impact consumers since
some of the costs might be passed to the users if the platforms want to preserve their
profit margin. These policies influence workers as well. Being classified as employees
will guarantee the minimum wage and provide greater protections for drivers.
However, some drivers are against it: they usually work part-time for those platforms
and value the flexibility and freedom as an independent contractor. Such workers value
the ability to choose when and how long to work for themselves instead of following
fixed schedules.

Therefore, how to balance flexibility and benefits for drivers with the profitability
for platforms is a fundamental question for the future of these industries. Prior research
studied the cases when drivers are self-scheduling, and on-demand platforms hire
independent contractors only. On the supply side, literature investigated driver
behavior under extensive margin and intensive margin, i.e., whether to participate in
the platform and, if so, how many hours to work. For example, Banerjee et al. (2015),
Bai et al. (2018), Taylor (2018), and Gurvich et al. (2017) study drivers' participation
decisions in on-demand services. Baron (2018), Benjaafar et al. (2019), and Bimpikis
et al. (2019) discuss both the extensive and intensive margins. Cachon et al. (2017) and
Yu et al. (2019) consider a two-stage decision for drivers: at the first stage, drivers
decide whether to join the platform, and at the second stage, drivers decide whether to

work during a particular time. From the platform's perspective, pricing strategies are
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crucial for its profitability. Static pricing and dynamic pricing also called surge pricing,
are widely adopted by ride-hailing platforms. Castillo et al. (2017) shows that surge
pricing can prevent the inefficiency in matching the demand and supply to avoid a "wild
goose chase." Cachon et al. (2017) argues that surge pricing generally achieves nearly
the optimal profit, and as labor becomes more expensive, all stakeholders can benefit
from surge pricing. By contrast, Banerjee et al. (2015) and Chen and Hu (2019) show
that dynamic pricing does not necessarily yield higher performance than static pricing.
However, facing new challenges, previous business models may not be applicable.
Policies such as AB5 and Proposition 22 feed a growing literature that explore hybrid
employment modes: platforms hire both employees and independent contractors (Dong
and Ibrahim 2018, Hagiu and Wright 2019, Chakravarty 2021, Lobel et al. 2021). For
example, Chakravarty 2021 shows that a blended platform capacity becomes viable if
the wage rate is moderate, the pool of independent drivers is large, and the ride-seeker
market is large. However, only Hagiu and Wright (2019) models the benefits paid to
the employees, which is also part of our focus.

In this chapter, we model an on-demand platform that adopts a hybrid employment
mode. In our baseline model, drivers have the flexibility to decide how long to work
and whether to be an employee or a freelancer. Those who work over a certain number
of hours will be classified as employees and receive a benefits package. The platform
is a profit-maximizer and decides the optimal price based on the required benefit
amount. As the benefit amount increases, the platform's profit decreases, which
explains why gig companies spent over $200 M supporting Proposition 22 to allow

business models with drivers as independent contractors. Moreover, we show that
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higher benefits make consumers and full-time drivers better off but decrease part-time
drivers' welfare as well as overall social welfare. We further analyze alternate policies
that balance the platform’s profitability and drivers' welfare. We consider the case that
the policymaker requires that a minimum portion of the workforce consist of full-time
employees. In this case, the platform incurs less profit loss and has to employ a certain
number of employees. Full-time drivers’ welfare decreases but part-time drivers are
better off.

The remaining of the paper proceeds as follows. In Section 3.2, we review relevant
literature and discuss our contributions. We specify our analytical model in Section 3.3

and provide numerical studies in Section 3.4. Section 3.5 concludes.

3.2 Literature Review

The emergence and rapid growth of on-demand service platforms has attracted
extensive research studies. Overviews are provided by Benjaafar and Hu (2020), which
summarizes sharing economy business models and Wang and Yang (2019), which
proposes a general framework to describe rides-sourcing systems specifically. Our
research is related to three streams of literature: platform pricing decisions, supply
models, and government regulations.

Pricing for on-demand platforms is distinguished from pricing for traditional
service systems by the following features: i) capacity affects demand, and vice versa;
ii) capacity can be controlled only indirectly via wages and prices; iii) capacity and
demand vary temporally and spatially (Benjaafar and Hu 2019). Setting prices, wages,

and commissions thus not only impact profit margins but also are fundamental to
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control of the underlying system. Considerable literature discusses platforms' pricing
decisions, including questions about how much a platform should charge consumers
and pay its providers. Hu and Zhou (2020) shows that the optimization problem that
jointly considers prices and wages can be reduced to a one-dimensional problem; they
also show that the platform's optimal price has a U-shape relationship with the required
minimum wage. Bai et al. (2018) shows that it is optimal for the platform to charge a
higher price when demand increases. However, the optimal price is not necessarily
monotonic when provider capacity or the waiting cost increases. This result is
consistent with Benjaafar et al. (2019), which shows the optimal price at first increases
with labor pool size and then decreases. In addition to pool size and compensation,
Gurvich et al. (2017) allows the firm to impose a cap on the number of active agents in
a period. They solve a multiperiod newsvendor problem with self-scheduling capacity
under those three control levers. Taylor (2018) examines how consumers delay
sensitivity and providers' independence impact the platform's price and wage decisions
in queueing system.

Several papers compare dynamic pricing with static pricing. Cachon et al. (2017)
finds that the optimal dynamic contract can substantially increase the platform’s profit
compared with contracts with a fixed price or fixed wage. They also numerically show
that a commission contract is near-optimal. Hu and Zhou (2019) studies the
performance of flat commission contracts, under which the wage is proportional to
price regardless of what price is charged. They show that the platform achieves at least
75% of the optimal expected profit by using an optimal flat-commission contract.

Banerjee et al. (2015) indicates that dynamic pricing does not necessarily yield higher
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performance than static pricing while dynamic pricing is more robust to fluctuations in
system parameters compared to static pricing.

For supply models in traditional labor economics, income rates influence labor
supply behavior by affecting intensive and extensive margins. Here intensive margin
refers to the number of working hours per driver, while the extensive margin refers to
the number of drivers participating in the labor market (Cahuc et al. 2014). On-demand
service providers decide whether to work and if so, when and how long to work based
on the characteristics of the compensation package. Extensive margin (the participation
decision) has been greatly discussed in the on-demand service literature. For example,
Banerjee et al. (2015), Bai et al. (2018), Taylor (2018), and Gurvich et al. (2017)
assume that a driver will participate only if the expected wage is higher than a certain
reference wage. In this chapter we model both the extensive and intensive margins:
drivers decide whether to work for the platform and how long to work. Similar to Baron
(2018) and Benjaafar et al. (2021), drivers trade off positive utility from wages with
negative utility from devoting time to working on the platform (opportunity cost).

Another aspect of our research involves comparing different workforce models. On-
demand businesses like Uber and Lyft solely hire independent contractors: the
platforms benefit from a cheaper workforce and agents enjoy their flexibility. Existing
literature has extensively explored the system with independent contractors only
(Cachon et al. 2017, Gurvich et al. 2017, Taylor 2018).

However, the on-going public debate on whether to classify drivers as employees
demonstrates the need for research on blended workforce models. Dong and Ibrahim

(2020) uses a queueing-theoretic framework to study cost-minimizing staffing
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decisions in service systems with a blended workforce that includes both full-time and
part-time workers. Chakravarty (2021) and Lobel et al. (2021) adopts a newsvendor
style model to study the platform's maximization problem. However, in their analysis,
employees are homogeneous and considered as a fixed cost. Our model investigates the
pricing and staffing decisions for the platform where all potential drivers make
employment status decisions (full- vs. part-time) and decide on the number of hours
worked based on the compensation package. Our study will provide insights on how

on-demand platforms should respond to new regulations and drivers' behavior changes.

3.3 Model
We consider an on-demand ride-hailing platform such as Uber or Lyft. We start
with a relatively simple base model and then, through sensitivity analysis and
extensions model more complex platform and driver options. We assume uniform
orders (ride lengths) with each consuming one hour, which includes ride time and time
spent driving to start of trip. For the demand side, we assume that the platform faces a
linear demand curve,
D=a—kp (3.1)
This is consistent with Cachon et al. (2017) and should be a good approximation
over the limited range of realistic prices. Here p is the average price per order and a
represents the total demand. k represents the slope of the demand function. For the
supply side, we assume that the total available driver pool size is N. Drivers decide
how long to work based on their opportunity costs and the revenue share from the

platform. We denote the commission rate that the platform pays to drivers as §. That
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is, a driver is paid 6p for serving each order. For a particular demand realization, price,
and commissions, it is possible that the total supply exceeds demand. When drivers are
not fully utilized, we denote the driver utilization rate, i.e., the probability of a driver

is not idle, as ¢. Then, a driver who works h hours earns ¢dph. We employ a driver
opportunity cost function based on total driver working hours h: ch +%9h2. The

opportunity cost contains two parts: a linear component and a quadratic component.
The linear component describes the average per hour cost for a driver. Here we assume
that the linear cost is heterogeneous among drivers and c~U (0, ¢). Previous literature
shows that as a driver works longer, s/he will be less willing to work, which is
equivalent to an increasing marginal cost. Thus, the quadratic form describes drivers'
aversion to working longer. 0 is a parameter to quantify the degree of aversion.

On-demand platforms currently hire independent contractors only who are not
provided a benefits package. However, under the proposed regulations, platforms may
be required to provide benefits to drivers who work over a certain minimum number of
hours. That is, such drivers effectively become employees and not contractors. This
section will first discuss the business model with contractors only and then with a
blended workforce. When the platform adopts a hybrid employment mode, we consider
two scenarios: (1) drivers who work over the threshold are automatically classified as
employees, i.e., Driver-controlled or DC model; (2) the platform chooses who to hire
as employees and sets a cap for the number of employees, i.e., Platform-controlled or
PC model.

The proofs of all the results are provided in the appendix.
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3.3.1 Contractors Only: Baseline
Under the contractor-only model, drivers decide on their level of working hours by

trading off wages earned and opportunity cost. A driver’s utility of working h hours is

U(h) = ¢Sph — ch — §9h2. Thus, the optimal working hours h*(c) for a driver with

¢Pép—c
e

the linear cost c equals max{ ,O}. Here we can observe that drivers will work

for the platform only if c < ¢dp. Also, as ¢ decreases, drivers are willing to work
longer. Knowing how long each driver works and the driver pool size N, we can

calculate the platform’s total capacity:

_ ¢p h*(c) _ N(¢dp)?
S = NfO TdC = T (32)

This expression uses the assumption that each productive hour worked executes
exactly one job. Since the total demand D = a — kp, the realized demand equals the
minimum of the demand and the platform capacity, i.e., min{D, S} and the platform’s
profitis: (1 — &)p min{D, S}. To solve the platform's profit maximization problem, we
first observe that in any optimal solution we have that supply is at least as large as
demand, i.e., the realized demand is always equal to a — kp.

Lemma 1 An optimal solution always yields a realized demand a — kp, i.e., demand is
less or equal to supply.

Lemma 1 indicates that we have only two scenarios: i) at the optimal price demand
falls short of the supply and driver utilization is less than one, which effectively rations
demand among drivers; ii) the price is set so that demand exactly matches the supply.
Knowing that realized demand is a — kp, we can then write down the platform's profit

optimization problem as BOPT:
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max I[1 = (1 —68)(a — kp)p
p.¢

s.t. a—kp<S

D
?=3
(3.1), (3.2)

In problem BOPT, we have two decision variables: price per order and driver
utilization rate. The first constraint follows from Lemma 1, and the second equation
enforces the relationship between the driver utilization rate, demand and supply. By
solving problem BOPT, we have:

Proposition 1 The optimal price for BOPT, is defined by p* = max{p€¢, p™}, where

J(k8EO)2+2NOS%ac - kOC .
(kOO)7+2N907ac - kOC s the

p¢ = Za—k is the unconstrained optimal price and p™ = 3

market-clearing price when ¢ = 1.
3.3.2 Blended Workforce: DC Model

Now we consider the situation that platforms hire both employees and contractors.
Employees must work at least h, hours and they receive a fixed benefit amount, which
is denoted as B. Then a driver's utility of working h hours becomes: U(h) = ¢péph —
ch — %th + BI{h > h,}. Again, each driver’s decision is based on their particular
opportunity cost value c. There are two types of employees: drivers who have lower
opportunity costs and will work over h, regardless of the benefits; those with slightly
higher opportunity costs who are willing to work h, based on the extra value provided

by the benefits. Drivers with relatively high ¢ will work part-time and those with the

highest opportunity cost will not work for the platform.
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There are different scenarios which depend on the price and benefits package. For
example, the platform may hire independent contractors only if the required benefit
amount is too high. In this essay, our focus is the mixed employment mode. Thus, here
we only discuss the scenario when the platform hires both contractors and employees,
which requires ¢8p > 8h, > V2B6.

In summary, we have the following proposition which determines driver categories
from the overall pool:

Proposition 2

For the DC Model, assuming that ¢&p > 60h, > /2B,

1. Drivers with ¢ € (0, ¢5p — 6h,] work full-time regardless of the benefits;

2. Drivers with ¢ € (¢p — 0k, $Sp — Oh, + V2B0] are the switchers who work as
employees when benefits are provided;

3. Drivers with ¢ € (¢8p — Ohy + V2B, $Sp]will work part-time.

4. Drivers with ¢ € (¢pdp, ¢] will not work for the platform.

From proposition 2, the number of drivers who always work full-time equals

Nv2B@

. The

w which is larger than 0. The number of the switchers equals

N(0ho—/2B0)
¢

number of part-time drivers is which is also larger than zero. We also

describe how drivers make their decisions based on their opportunity costs in Figure
3.1. Drivers with ¢ € (0, pSp — 6hy] work h*(c) hours per week. The switchers work
ho hours. Thus, employees work N - E[h*(c)l{c € (0, $Sp — Oho13] + N - E[Rol{c €

(¢p8p — Oho, pSp — Ohy +V2B6]}] hours in total. Each contractor works h*(c)
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hours, so all part-time drivers contribute N -E[h*(c)l{c € (¢p5p — Oh, +
V2B6, ¢5p|}] hours. Summing up all working hours, the platform's capacity becomes

_ N(¢p)* | NB
S = 20¢ + ¢ (3.3)

See appendix for the derivation of S. Also, we find that by providing benefits, more

drivers are incentivized to work longer.

Switchers
A
[ |
I I | | |
0 $dp — Bhy $8p — Ohy +V2BO PSp é Opportunity cost ¢

\ J \ J \ J

! ! f

Full-time Part-time Not Work

Figure 3.1 Blended Workforce: DC Model

Similarly, we can show that the optimal solution always vyields a realized
demand a — kp, i.e., demand is less or equal to supply. Then the platform solves the
following optimization problem DCOPT:

NB(¢pSp — 6hy + V2B6)
BC

max 1= (1 —8)p(a — kp) —
p.¢

s.t. a—kp<S

(3.1), (3.3)
By solving problem DCOPT, we have:

Proposition 3 When § < 0.8, the optimal price for DCOPT is given by p* =

max{p¢,p™} , where pczi is the unconstrained optimal price and p™ =

J(k6E)2+2N052(ac—-NB) - k¢

. is the market-clearing price when ¢ = 1.
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The platform chooses between the unconstrained optimal price and the equilibrium
price. The optimal price depends on the total demand and the slope of the demand
function. The equilibrium price is a decreasing function of the benefit amount. With
higher benefits, more drivers are willing to work longer to obtain the benefits and the
platform capacity increases, motivating the platform to lower the price to induce more
demand. However, if the benefit amount is too high, the equilibrium price is less than
p¢, and the optimal price will be independent of B.

Similar to Cachon et al. (2017), we measure the consumer surplus using CS =
(a — kp)? /2. Drivers’ welfare is denoted as DW, which equals their total wage minus
the opportunity cost. Social welfare is the sum of consumer surplus, drivers’ welfare
and the platform’s profit, i.e., SW = CS + DW + II. The calculation details are shown
in the appendix.

3.3.3 Blended Workforce: PC Model

One key factor in the debate on whether to classify drivers as employees is the profit
margin of the platforms. In the DC model, the platform provides benefits to all drivers
whose working hours exceed h,. This gives the platform minimal control over the size
of the employee pool and could lead to a huge profit loss. For example, the platform’s
profit drops around 40% when B=150. To leverage the profitability of the platform and
drivers' benefits, we consider an alternative model that allows the platform to hire a
limited number of employees while guaranteeing that a minimum proportion of all
work will be fulfilled by employees. In this way, the profit loss due to the required
benefits is capped, making this alternative policy a viable solution from the platform’s

perspective.
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The cap of the number of employees hired by the platform is denoted as 7, then the
platform only pays at most B for the benefits package. The platform can choose who
to hire as employees. Here we have the following assumption:

Assumption 1: The platform chooses the most “enthusiastic” drivers as employees,
i.e., those with the lowest opportunity cost c.

Like the DC model, we have two types of (potential) full-time drivers: those who

will work h,, hours regardless of the benefits and the switchers, who will work full-

time only when benefits are provided. The number of the former type is denoted as n,
and the number of the latter is n.,. Here we assume that n;, < 7. From Section 3.2, we

NV2BO

Cc

know that ny, = . However, not all the switchers will be

N(@Sp ~6ho) g n, =
c N
hired as employees by the platform and paid benefits. When ng + n; = 7, only some

of the potential switchers are paid benefits. Based on assumption 1, the platform
chooses the potential switchers with the lowest ¢ as employees. If we denote the

fraction of potential switchers who will be hired as employees as t, then we have t =

fi-n
min{ f1 , 1}.
nfs

Proposition 4

For the PC Model,

1. Drivers with ¢ € (0, ¢5p — 8h,] work full-time regardless of the benefits;

2. Drivers with ¢ € (¢Sp — 6hy, $Sp — Ohy + tV2B6] are the potential switchers
who work as employees when benefits are provided;

3. Drivers with ¢ € (¢8p — Oh, + tV2B0, ¢Sp] will work part-time.

4. Drivers with ¢ € (¢pdp, c] will not work for the platform.
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We illustrate the driver categories based on their opportunity costs in Figure 3.2.
Similar to the DC Model, we have four types of drivers: drivers who always work full-
time regardless of the benefits, the switchers who work full-time because of the

benefits, drivers who always work part-time and those who are not working for the

29P=¢ nours per week. The

platform. Drivers with ¢ € (0,¢p6p — 8hy] work h*(c) = 5

switchers work hy hours. Under this policy, not all potential switchers receive the
benefits and become employees. We have fewer switchers than the baseline model, and
with t the fraction of potential switchers who become employees. Thus, the total
working hours of employees are equal to N - E[h*(c)l{c € (0,¢p5p — Ohy]}] + N -
E[hol{c € (¢p5p — Ohy, pSp — Ohy + tv2B6]}]. Each contractor works h*(c) hours,
so all part-time drivers contribute N - E[h*(c)l{c € (¢Sp — Ohy + tV2B6, p5p]]]
hours. Summing up all the working hours and simplifying the platform’s capacity, we

have

__ N(¢8p)?2 | NBt?
S= 20 Tz (3.4)

See the appendix for the derivation of this equation. The new optimization model

POPT is obtained by using (3.4) instead of (3.3) in BOPT and we solve POPT

numerically in our experiments.

Switchers
)
[ \
\ \ \ | |
0 ¢Sp — Bhy ¢Sp — 6hy + tV2B0 ¢$Sp g Opportunity cost ¢
\ )\ J \ J
| | Y
Full-time Part-time Not Work

Figure 3.2 Blended Workforce: PC Model
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3.4 Numerical Study

In this section, using the models just derived, we study the influence of the new
regulations and alternative policies on the platform, drivers and consumers. The public
debate and proposed regulations involve somehow inducing ride-hailing platforms to
classify some or all drivers as employees who would receive a benefits package. Our
baseline model represents the current driver-contractor model used by the major
platforms. The DC and PC models both support a blended workforce that includes both
employees and contractors. If a move toward supporting employees is made a blended
workforce approach seems eminently reasonable as some part of the workforce would
very likely wish to retain the contractor flexibility and lower working hours. We first
compare the baseline model with the DC model where drivers decide how long to work
and those who work over h, hours are classified as employees and receive the benefit
amount B. This approach seems to be the implicit assumption underlying the proposed
regulations. However, as we will show this approach can lead to drastic profit
reductions for the platforms and even non-viable business models. As an alternative,
the PC models allows the platform to control the mix of full-time employees and
contractors. This approach mitigates the platform profit loss. In our analysis we analyze
how different policies affect impact the welfare of the platform, drivers and consumers.
3.4.1 Baseline vs. DC Model

Proposition 22 requires that gig companies provide partial health care subsidies to
drivers who average at least 25 hours per week of “engaged time,” or the periods when
they are en route to pick up passengers and when they are transporting passengers in

the vehicle. (Manzo et al. 2022). In this way, we use 25 hours as the threshold (h,) to

67



determine whether a driver is classified as an employee. According to Uber, drivers

keep 75 percent of the base fare, which means § equals 0.75. Drivers' opportunity cost
is a non-linear function of working hours h: ch + %th. ¢ is uniformly distributed on

[0,¢]. O quantifies the degree of drivers' aversion to working longer; based on other
uses in the open literature and some initial experiments, we set 8 equal to 1. Manzo et
al. (2022) analyzes data on more than 22 million rideshare trips in Chicago from
January 2021 through June 2021 and calculates drivers’ hourly gross income, which is
equal to $27. So we adjust ¢ and parameters in the demand function (a, k) to coordinate
with the real-world data.

Figure 3.3 shows how different indicators vary with the weekly benefit amount B,
including the price, driver utilization rate, profit, the number of drivers, drivers’
welfare, and social welfare. From Figure 3.3, we can observe that as B increases, the
platform first chooses the equilibrium price, which is a decreasing function of B, then
adopts the unconstrained optimal price which is independent of B. The average cost
per trip decreases from $42 to $40. The platform's profit decreases with B, which is
consistent with strong gig company opposition to providing benefits. For example, the
profit margin drops 60% when B is 150 (about 20% of a full-time driver’s weekly
wage). Benefits motivate drivers to work longer: with higher benefits, more drivers are
willing to be employees and full-time drivers’ welfare increases. However, part-time
drivers are hurt by higher benefits: their welfare decreases with the benefit amount
because of the reduced hourly wage. In total, drivers’ welfare first falls and then
increases. And if the benefit is high enough, all contractors would like to work full-

time (although this represents an extreme / unrealistic case where platform profits have
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become negative). Social welfare decreases with B since the profit loss and the reduced

welfare for contractors dominate the increase of consumer surplus as well as

employees’ welfare.
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Figure 3.4, Figure 3.5, and Figure 3.6 compare the baseline policy with the new

policy numerically. Particularly, Figure 3.4 shows the changes in the price, driver

utilization rate, profit, consumer surplus, drivers’ welfare, social welfare, full-time and

part-time drivers’ welfare with B; Figure 3.5 indicates how the number of drivers and

drivers’ working hours are affected by the benefits; Figure 3.6 compares drivers’

welfare for three categories: drivers who always work full-time, potential switchers and

those who always work part-time.
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Here we use n = 100 as the cap for the number of employees, which is around 17%
of the total available drivers. While this might seem low, as we will show later, a much
higher percent of the orders are fulfilled by employee-drivers. We first look at the price.
In both cases, the price first decreases and then remains the same. However, the price
is higher under the new policy than the baseline. The platform benefits from the new
policy since it incurs less profit loss than for the baseline case.

For the supply side, Figure 3.4 shows that the number of full-time drivers increases
with B, while the number of part-time drivers decreases since they switch to full-time.
Once the number of employees reaches the cap, the number of both full- and part-time
drivers remain the same. From Figure 3.5, we observe that drivers work longer on
average: full-time drivers work 26.5 hours per week, and part-time drivers work 9
hours. Since limited benefits are provided, the platform’s capacity decreases. Thus, the
platform needs to charge a relatively high price to match the demand and supply, which
leads to a reduction in consumer surplus. With a higher price, part-time drivers’ hourly
wage increases and so does their welfare. Full-time drivers' welfare decreases because
of the cap, and the overall drivers’ welfare is lower than the baseline case. In the Figure
3.5 welfare comparison, the driver classification was not consistent for the two cases
as not all potential switchers became full-time in the second case. Figure 3.6 defines
driver categories that are consistent between cases, i.e., those who work full-time
regardless of the benefits, potential switchers who only work full-time, and those who
always work part-time. The welfare of drivers who always work full-time decreases
with B, but under the new policy, the welfare slightly decreases first and then increases.

Moreover, their welfare is higher than the baseline when the benefit amount is high
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enough. The welfare of the potential switchers increases with B in both cases. And the
welfare under the new policy is lower than the baseline since not all switchers receive
the benefits. Lastly, the new policy does not affect the welfare of drivers who always
work part-time: the welfare is the same in both cases and decreases with B.

For lower benefit amounts, social welfare for the new policy is also lower than the
baseline. However, as the benefits increase, the difference between the two policies
becomes smaller. And as the benefits are high enough, the new policy generates higher
social welfare.

Figure 3.7 and Figure 3.8 present how the profit and the portion fulfilled by
employees change with 7 when the platform provides different benefits packages
(B=150 and B=200). From Figure 3.7, we can observe that the platform’s profit is a
non-increasing function of n. Thus, without any regulation, the platform will choose a
sufficiently low threshold to optimize its profit. Then the question becomes how to
determine a proper threshold for the policymakers. As i decreases, fewer orders are
fulfilled by employees (see Figure 3.8). For example, as n = 150, over 90% of the
orders are fulfilled by employees, while as n = 70, only half of the orders are fulfilled
by employees. Potentially, the policymaker can set a minimum proportion of the
workforce to consist of full-time employees to avoid the platform choosing a lower .
However, this approach should be viewed as a starting point. It is possible policy-
makers can derive other policy mechanisms to achieve the same effect. It is important,
however, to give the platforms a certain degree of control over the makeup of their

workforce in order to achieve a reasonable profit margin.
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3.4 Conclusions and Future Research

In this chapter, we discuss a ride-hailing platform that adopts a hybrid workforce:
the platform hires both employees and contractors and provides benefits to the
employees. Currently, ride-hailing platforms, like Uber and Lyft, hire independent
contractors only. Contractors have the flexibility to decide when to work and platforms
have indirect control over them. Employees usually have a fixed schedule which
guarantees a fixed capacity for platforms. By adopting a hybrid model, a platform can
achieve some of the dynamic workforce characteristics it needs and also control profit
loss (relative to an all-contractor workforce).

In our analytical model, the platform is a profit-maximizer and determines the
optimal price. Drivers decide whether to work for the platform and how long to work.

Under our baseline model, all drivers are independent contractors. The pricing strategy
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for the platform is to charge either the unconstrained optimal price or the equilibrium
price whichever maximizes its profit. Then we consider two models under the hybrid
system. In the Driver-Controlled model, drivers who work over a certain number of
hours are classified as employees and paid a benefits package. However, in the
Platform-Controlled model, the platform can decide who to hire as employees and the
number of employees is capped. In both models, the platform adopts a similar pricing
strategy as the baseline case: choosing between the equilibrium price and the
unconstrained optimal price. In these cases, the equilibrium price becomes a function
of the benefit amount. With the benefits, more drivers are willing to work longer. We
then have two types of employees: drivers who work full-time regardless of the benefits
and those who only work full-time for the benefits (switchers). In the DC model, all
switchers will be classified as employees, but only part of them are allowed to be
employees in the PC model.

To better understand the influence of different policies and employment modes, we
conduct several numerical studies. We first compare the baseline model and the DC
model. We find that the platform maximizes its profit when there is no benefit. The
profit decreases with the benefit amount. This is consistent with the strong gig company
opposition to policy proposals that classify independent contractors as employees. As
B increases, more drivers are willing to work as employees. Thus the platform’s
capacity grows and the driver utilization rate ¢ starts to be less than one. With smaller
¢, the service quality of the platform increases since customers incur less waiting time
on average. However, when ¢ is relatively low, it is possible that no driver is willing

to work because of the low hourly earnings. So a lower bound for the utilization rate is
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needed, for example, ¢ > 0.6. In our current scenario, ¢ is between 0.85 and 1, which
locates it in a reasonable range. In the DC model, employees are better off and their
welfare is higher than with no benefits. However, part-time drivers receive a lower
hourly wage, which lowers their welfare compared to the baseline model. Social
welfare also decreases with the benefit amount.

The platform incurs a substantial profit loss under the DC model, for example, the
profit drops 60% when B is 150. To balance the platform’s profit and the drivers’
welfare, we propose an alternative policy (PC model) that allows platforms to hire at
most 17 employees while maintaining a minimum proportion of orders fulfilled by the
employees. In the PC model, the platform charges a higher price than the DC model
because of the lower capacity. However, the profit increases over 30% when B is 150.
Part-time drivers are also better off since their hourly earnings are higher than the DC
model.

In this chapter, we consider a one-period model with fixed demand. In reality, the
demand for ride-hailing platforms varies by season and the time of the day. For
example, the demand is higher during rush hours and the holiday season. In this way,
under a multi-period model, which includes different demand patterns, the platform
may adopt different prices and staffing decisions accordingly. Such a model would
demonstrate the benefits of retaining dynamism in the workforce, which maintaining a
certain level of contractor-drivers could provide. Another potential model extension
would be to consider more complex benefit packages. For example, there could be
different benefit levels depending on the hours worked. Also, our model include a fixed

benefit amount for full-time employees — a portion of the benefits could increase with
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hours worked / earnings level. In our model, drivers’ opportunity cost is a quadratic
function of working hours, i.e., ch + %th. Here we assume c is uniformly distributed
and @ is a constant. Potentially, the degree of drivers' aversion to working longer (8)
may vary among drivers. A more complicated model with variation in 8 could be

analyzed to capture the diversity of drivers better. We hope future research can address

these and other issues.
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Appendices
APPENDIX A: Chapter 2

A.1 Wait Time and Labor Size

In this section, we investigate the relationship between wait time and the number of
drivers using the following regression model:

log(WTime) = B1og(Nkme) + ¥ Xe + P+ Tie + & (A1)

where W Ty, represents the average wait time of market m at time t for tier K; Ny 1S
the number of in-network drivers in tier k at market m and at time t; X, represents time-
related dummies, including weekdays, rush hours and a month dummy; &,,, and T}, are
the market and time fixed effects; and &, is the customer-based random effect with
mean zero. Table A.1 shows the regression results of Equation A.1. After controlling
for the market and time fixed effects, we observe that more in-network drivers lead to
less wait time. Thus, retaining more drivers on the platform will help decrease the wait
time and will further affect customer utility. Orders for higher tiers will also take less
wait time.

Table A.1 Regression Results on Wait Time

EST (SE)
Log(NumDriver) -0.149*** (0.012)
Premium -0.010 (0.012)
Luxury -0.363*** (0.019)
Market Fixed Effect Yes
Time Fixed Effect Yes
Observations 249,929

*** p<0.001; ** p<0.01; * p<0.05; + p<0.1
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A.2 ROI of the Bonus Policy

In this section, we choose different investment amounts for the bonuses provided
to the retained in-network drivers in Section 2.6.1. We increase the bonus budget from
40% to 80% of the marketing cost of price discounts and calculate the ROI of bonuses
for different investments. Table A.2 shows that the ROI of bonuses is around 1.6 to 1.7,
and always lower than the ROI of discounts and upgrades.

Table 12 The ROI of the Bonuses

EST (SE)
40% 1.682 (0.240)
50% 1.656 (0.239)
60% 1.662 (0.232)
70% 1.645 (0.230)
80% 1.638 (0.223)

A.3 Derivation of the FOCs

From Equation 2.4, we know that in the first stage, the reservation utility for
consumer i is:

Uimt = &4 Cim¢ + 0z log(Distiye) + E[max{Ujm}] + @i + Eime
= 01 Cime + E[max{Ujpme}] + Xime + €ime
(A2)

where X, includes trip characteristics such as the trip distance, weekday dummy as
well as market-time fixed effects.

Combining Equation A.2 and 2.5, we can calculate the probability that consumer i

make a reservation, which is denoted as pj.:
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exp(alcimt + E[maX{Uikmt}] + Ximt)
1 + exp(o Cime + E[max{Ujyme}] + Xime)

Pimt =

_ exp (0 Cimt + Xime) €xp [log (2i=1 e8ikmt)]
1+ exp(t; Cime + Xime) €xp [log (X3 _, eSikmt)]

_ exp (0(1 Cimt + Ximt) Zli:l esikmt
1+ exp(a; Cime + Xime) Zli:l edikmt

(A.3)
Here we focus on one market m at a specific time t, so in the following context, we
will omit the subscripts for market m and time t for simplification. From Equation A.3,

we know that the probability of consumer i making a reservation is p;. Also, for each

Sik
c s; - We denote

consumer i, the probability of booking tier k given a reservation is =
j=1¢

the total number of consumers at market m and time t as M. Then by aggregating the

demand for all consumers, the market share for each tier k can be specified as follows:

M elik M e®1Cit+Xiadik
dg = Xi=1Pi * 5 2i=1
Zj:le )

5 (A.4)

1+e®1CittXiyd_ e
Recall that the platform’s coupon decision variable c is denoted as the average
coupon value provided to all customers. For simplification and calculation tractably,
we assume that as a customer making a stage-1 decision, the discount in her utility
function equals c at any time t and for any customer i. Thus, we replace C;; with ¢ in
the following derivations.
In this way, the derivatives of each market share can be written as:

M a1 Cig+Xj+8ix

ddy, Z ae
dc o (1 + e Cig+X; Z]_3=1 eSi]-)z
ady

06,
80

0



(A.5)
On the supply side, we can omit mt and rewrite Equation 2.11 as follows:
N; =K [(1—6,)dyry]™
N, = K,{[0;d; + (1 — 6,)d,|r,}M
N; = K;3[(6,d, + d3)rs]™ (A.6)
where  K; = exp (ng + 13 log(NE) +ngtier+ dV+Ek) and = (1 —

yi“)Pkdist. Thus, we can obtain the following derivatives:

ON
—= —Kqnydyry[(1 = 65)dyry 1271
00,
Ny _
a0,
IN ad
a—cl = Klnl(l - 91)1'1 a_cl [(1 - el)dlrl]nl_l
ON

6_612 = Kon1dyr2{[0:1d; + (1 — 82)d]rp M7t

aNZ -1
%, = —K,on1darp{[0:d; + (1 — 6,)d,]r}M

N, ad, dd, 3
e K2n1r2[91¥ +(1- 92)%] {[6,d; + (1 — 6,)d,]rp}™
N
20,
N, B
Fr K3n,d,r3[(82d; + d3)rs]™
2
ON od od
6_c3 = K3nyr3(6; a_cz + 6_c3) [(82d; + d3)rz]M™?

(A.7)
By plugging Equation A.6 and A.7 into Equation 2.15, we can solve the equation

system and derive the value of Ry ;.
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Appendix B: Chapter 3

Proof of Lemma 1:

Assume that the demand of the platform equals to a — kp. We consider two cases: (1)
demand is greater than or equal to supply, i.e., a — kp = S; (2) demand is less than or
equal to supply, i.e., a — kp < S. For case 1, we are demand limited and thus have ¢ =
1 so that platform profit isI1=(1—68)-p-S. Since S is increasing in p, we can
observe that IT is an increasing function of p. Since a — kp decreases with p the
highest profit is obtained when a — kp = S. In this way, we show thata —kp < S
always holds.

Proof of Proposition 1:

From Problem 1, we have I = (1 = 6) - p - (a — kp) = (1 — 8)(—kp? + ap), which

is a concave function of p. So the optimal price for the unconstrained profit

2
maximization problem is p¢ = % . The constraint a — kp < N(¢9p) IS equivalent to
N($8)? _ . —\/(k00‘)2+2N962ac'—k9c 1/(k9€)2+2N662ac k9c
gz P +kp—a=>0, le, N < N o2
— L on
Since p = 0, then the constraint is equivalent to p < Y*29 +2NN5926 ac-kbe .= pm

Thus, the optimal price equals max{p€, p™}.
Proof of Proposition 2:

The optimal working hours for a driver with opportunity cost equals h* := h(c) =

$9P7¢ \when there are no benefits provided. Drivers with h* > hy, i.e, c €

(0,p6p — Bhy], will work as employees regardless of the benefits. However, with the

extra benefits, some drivers are willing to switch to full-time. We define A= h, — h™.
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Then the driver’s incremental utility for working hours h,, i.e., an additional A hours

is U(h* + A) — U(h*), which can be calculated as follows:
1 1,
UCh* +8) = U(h") = ¢pp(h” +8) —c(h™ +8) —50(h" + A)? + B — ¢pSph* + ch* + S OR*
1
= ¢pSpA — cA — EQAZ —6h*A+ B

= (¢pSp —c)A — 6A

Ppop—c 1
—-6A*+B
0 2 +

1
=B — - 0A?
2

Drivers will work h, hours only if U(h* + A) > U(h™), i.e., A< \/% Also, A= h, —

h* = hy — 4’65_6. Then we have those with ¢pdp — 8hy < ¢ < $pSp — 6hy +V2B0

will work as employees if benefits are provided. Drivers with ¢ép — 0hy +V2BO <
¢ < ¢bp will work as contractors since U(h,) < U(h").
Derivation of S for DC Model:
The platform’s capacity is:
S = NE[h*I{c € (0,¢5p — Oh,]}] + NE[Rho1{c € (¢5p — Ohy, pSp — Oy + V2B6]}]
+ NE[h*I{c € (¢5p — Oho + V2BE, $5p]}]

b5p op—cl
ho=dc + N f $op—cl e
¢ osp—6ho+vzBe 0 C

dSp—0hg ¢5p —c1 $Ep—0hy+V2BEO
0

$Ep—6ho

N($0p)? — N(8hy)?> NhoVZB8 N(8h, —2B8)’
- ~ TR L s -
20c¢ c 20c

_N@sp)*  NB

20c c

Proof of Proposition 3:
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Noting that the first constraint is equivalent to ¢ < 1, we can write the Lagrangian

equation as:

Lp.9) = = dpla—ip) _M+u(l —9) +v(p -

Then we can list the KKT conditions:

oL, ¢) _ NBpS v s\
dL(p,¢) _ NBSp ¢ 0S
ag = murv(1rggg) =0
u(l—¢)=0
a—-kp<S
¢ =(a—kp)/S
u=0
Then we discuss two subcases:
(YWhen¢p =1,a—kp = m Y8 In the manner similar to the proof of

20c

J(k0E)2+2NOS2(ac—NB) - kOC _

proposition 2, we can derive the priceas p = V52 m
(i) When ¢ < 1, u = 0. Then we have:
NBpS v S\
(1-6)(a - 2kp) - —— §<k+¢%> =0
NBé&p ¢ 0S\
¢ =(a—kp)/S

From the first two equations, we have

NB$S NBS&p as

[—— (1-6)a- ka)] (s + ¢—¢) == (k +¢%>

NB®S dS\ NBSp as
: <s+ ¢%) -= (k +¢0p> = (1-8)(a— 2kp)(S + ¢£)
NBpS 3S NBpS 0S NBpS . NBSp
z Er S p% z S——k—(1—8)(a—2kp)(5+¢—¢)
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NBC_¢5 - &(spk =1 -8 (a—-2kp)(S+ <;b—¢)

NB¢§
— (@S —pk) =1 —-8)(a—2zkp)(S + ¢—¢)

NBé
— (@—2kp) = (1-68)(a—2kp)(S+ ¢—¢)

NBé
——|=o0

(a—2kp)[(1—6)(5+¢a¢) =

which is equivalent to:

IN(GSp)2  NB(1— 268
(a—ka)[(l—a) ;‘Z_p) (E )]=

2
We first show that (1 — &) 3N(2¢;6_p) + NB(l 29 5 0. As 5 < 0.5, (1 — 5) @S 3N(¢5p) +

NB(1 26) S 0is

- 2
02D 5 (1-6) 3N(2¢;5_p) > 0. When § > 0.5, (1 — ) 210"

equivalent to:

3N(pSp)? _NB2S-1)

1-6) 20¢ ¢

3(1 = 8)(¢pSp)? > (26 — 1)2B6

3-3
26 —1

¢6p > V2B6

In this chapter, we are focusing the case when the platform has positive number of
full-time and part-time drivers, which requires ¢ép — 6h, > 0 and ¢pép — Ohy +

V2BO < ¢bp,i.e., ¢p6p > 0hyand Ohy, > V2B6. In this way, we have ¢pép >

V2B6. Meanwhile, / is a decreasing function of §. As 0.5 < § < 0.8, we have

—2 € [1,+w), iie, /3 3% > 1. Thus, /3 3% $8p > 2B holds. Thus p =

=P
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Proof of Proposition 4:
From the proof of Proposition 2, drivers with ¢ € (0,¢dp — 0hy] will work as
employees regardless of the benefits, and those with ¢ € (¢dp — 8hy, pdp — Ohy +
\/2B6] want to work full-time if benefits are provided. The platform chooses the most
“enthusiastic” drivers as employees, i.e., those with the lowest opportunity cost C.
Switchers’ opportunity costs are uniformly distributed between ¢pdp — 8hy and ¢pdp —
6h, +V2B6. And the fraction of switchers becoming employees is t. Thus, the total
number of potential switchers with the lowest c are classified as employees, i.e., ¢ €
(¢8p — Ohg, Sp — Ohy + tV2B0].
Derivation of S for PC Model:
The platform’s capacity is:

S = NE[R’I{c € (0,¢5p — Oho1}] + NE[hol{c € (¢3p — Ohy, pSp — Ohg + tV2B6]}]

+ NE[h*I{c € (¢5p — Ohy + tV2B0, $5p]}]

dSp—0ig oSp —c1 $6p—6ho+tV2BE 1 ¢ép ¢pép—c1
=NJ :dC-l—NJ hO_dC+NJ —dc
o 0 ¢ 0 ¢

$Sp—0hy ¢ bSp—0ho+tvzBO O

N(¢8p)? — N(8hg)? N(8ho — tyZBO)'  NthoZBO
= — + — + —
26c¢ 260c¢ c

_ N(¢ép)? N NB¢t?
T 26¢ ¢

Driver Welfare Calculations
DC Model Welfare:

We denote the full-time drivers’ welfare as DW} and the part-time drivers® welfare as
DW,,, then we have:

N $Sp—06hy (¢5P _ C)Z
DW; = —f [7
4 o 26

N [$8p—6ho+V2BO
: J

+B]d€+T

1
z [¢)5ph0 —chy — Eé’h(z) + B|dc

$Sp—0he
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_ $Sp—0hy $Sp—0ho+V2BO
N[1 ¢Sp ,  (pdp)? ] N 1 ho
=—|=c3——c*+ ¢+ Bc +t[<¢>§ph ——0h2+B)c——c2]
c|eo 20 26 . ¢ 0 270 2 lpspon,
N[(¢dp —6ho)® ¢dp (¢> p)z
=T g @p— 0ho)* + (¢0p — 6ho) + B(pdp — o)
N[ 1 ho
= (¢6pho —50h3 + B)\/ZBG — = (206p — 20h + \/239)\/239]
N [¢op 8p — c)? N[1 5 sp)? 177
bW, =~ @~ Czi[ﬁcs_%mwzg) ]
¢ Josp—6ny+vzB8 ¢ $8p—0ho+VZEG

N|(¢5p)® (¢p6p —6hy + \/239)
60 60

c

¢6p(¢6 — Oho +V2B0) —(¢ p) (¢6p — Oh, +2BB)

Then DW = DWs + DW,.

PC Model Welfare:
Different from the DC Model, only switchers with ¢ € (¢p&p — 0hy, pSp — Ohy +

tV2B@0] are classified as employees. Thus, driver welfare becomes:

N ¢$S6p—06hy (¢5P _ C)Z N $Sp—60hy+tV2BO 1
DWr = — ———— +Bldc+— ¢Sphg — chy — =0h% + B|dc
f 20 20
¢ € Jpsp-on,
r ¢Sp—06hy $Sp—0ho+tV2BO
N[1 ¢dp ,  ($dp)* [ 1 ho ]
— _|—_ .3 2 _ _ 2 __J.2
_5>69C ETE +— T c+ Bc +C_ (¢6ph0 29h0+3)c 2C .
N[(¢dp —6ho)® ¢dp (¢ p)z
=g g @0 —6ho)* + (é8p — 6ho) + B(pSp — Bho)
N 1 ho
+Z (¢5ph0 —50h5 + B) tV2B6 — 7(2¢>5p —26ho + t\/ZBH)t\/ZBB]
N (0P @op -], _N[1 . ¢8p , (@sp) |*"
bW, =7 T 20 |““TFled” 20 T 20 €
C Jpsp—-0n,+tV2Ba $Sp—0ho+tV2B0

N|(¢ép)® (¢p6p — 6ho + t\/ZBB) ¢6p

c| 66 60

(¢>6p Ohy + tV2B6 )

(¢>6p)

(¢6p — 6hy + tV2B6)
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