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The online ride-hailing taxi brings new vitality into the traditional taxi market, as well as new issues and challenges. The pricing
and profit distribution of online ride-hailing services is one of the major concerns. This study focuses on the pricing and income
distribution in the online ride-hailing system. Queuing system model and birth and death process theory are introduced to
describe the driver’s flow process in the network. The social welfare maximization model and the platform profit maximization
model are constructed based on the dynamic pricing mechanism, from the government’s and platform’s standpoint, respectively.
Through numerical experiments, this paper analyzes the income distribution of drivers under different settings and the influence
of different factors (average travel time, psychologically expected price of drivers and passengers, and probability of driver leaving
the system) on the proportion of income distribution. The results show that the drivers’ income distribution proportion is higher
in the pursuit of social welfare maximization than that in the pursuit of platform profit maximization, and in different benefit
pursuit models, various factors have a certain influence on the driver’s income distribution proportion. The proposed method and
conclusion in this study can be considered as references for online ride-hailing market supervision and policy-making.

1. Introduction

Ride-hailing, referring to the activity of calling a vehicle or
driver to go to a destination, rises in many metropolitan
areas and takes a considerable part of mobility services [1].
The online ride-hailing platform is a subversion of the
traditional travel industry in the context of the Internet; it
transmits the traditional service mode from the driver side to
the passenger side by the combination of online information
and offline experience [2, 3]. Customers are matched effi-
ciently by an online platform with affiliated drivers nearby
by requesting rides via a mobile application [4]. Such on-
demand services greatly reduce search frictions in the ride-
hailing market, bring passengers and drivers together at very
low transaction costs, and meanwhile effectively reduce the
vacancy rates of operating vehicles by matching demand and
supply [5-7].

However, compared with the traditional taxi industry,
the pricing and the income distribution of online ride-

hailing lack transparency and consistency. The unreasonable
and opaque income distribution harms the interests of
drivers. On October 31, 2018, online taxi drivers in Chicago,
the United States, delivered a rally and petition on the
budget meeting held by the city government. They asked for
more driver’s share of the platform revenue. According to
the survey conducted in August 2019 in the United States,
the fare receipt information and more than 14756 real online
taxi order service data showed that Uber averagely retains
about 35% of the revenue per ride, while Lyft takes about
38%. However, in the regulatory documents submitted to the
government, Uber reported that its platform share of fares
was only close to 20%, while Lyft did not disclose its pro-
portion publicly. What causes these situations is that the
platforms can set the pricing and distribution mechanism by
themselves, and under the goal of maximizing benefits, they
can dynamically adjust the service price (some platforms
even use dynamic pricing models for the same route, which
may vary according to the demand and supply for rides) and
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the drivers’ distribution proportion, which will harm the
interests of drivers and passengers.

In the new traffic model, the system layout design is very
important, which will affect the operational efficiency of the
whole system and public acceptance [8]. Therefore, it is
necessary to study the price mechanism of online ride-
hailing and the way of labor (drivers) drawing. However,
most of the existing related research studies focus on the
maximization of platform interests and seldom on the in-
terests of drivers and study the pricing and distribution
mechanisms. Therefore, from the perspective of government
management, this paper constructs a social welfare maxi-
mization model to explore the relationship between social
welfare and the way of interest distribution, to provide
decision support for the regulation of the online ride-hailing
market.

In this paper, the income distribution of drivers in the
online ride-hailing market is discussed based on the dynamic
pricing mechanism from the perspectives of social interest
maximization and platform profit maximization. The contri-
butions of this paper are as follows: (1) Queuing system model
and birth and death process theory are introduced to describe
the driver’s flow process in the network. (2) The social welfare
maximization model and the platform benefit maximization
model are constructed, from the government’s and platform’s
standpoint, respectively, based on the psychological expected
price curve of passengers and drivers. (3) Numerical experi-
ments are performed to analyze the driver’s income distri-
bution under the conditions of different settings. Suggestions
on the government’s regulation and guidance are put forward
based on the experiment results.

The remainder of this paper is organized as follows.
Section 2 presents a review of the related literature. Section 3
mainly focuses on the problem description and modeling. In
Section 4, two numerical experiments are performed to
analyze the driver’s income distribution. Results and asso-
ciated discussion are then carried out. Finally, conclusions
and future directions are given in the last section.

2. Literature Review

The current discussion and studies on online ride-hailing are
extensive. In terms of the price mechanism of online ride-
hailing, Zha et al. [9] focused on the impact of dynamic
pricing on online ride-hailing industry by structurally
combining driver’s work schedule selection. The numerical
results show that the platform enjoyed higher revenue on the
basis of dynamic pricing, while customers may be exploited
in the peak period of taxi service. Fellows [10] uses cost
advantage analysis technology to prove that reasonable
platform pricing can bring about net income for society.
However, Chang [11] thinks that the pricing structure of the
platform will affect the output efficiency and social welfare
and points out that it disturbs the market price rule. Xia et al.
[12] believe that the dynamic pricing strategy can alleviate
the pressure of the platform in the period of tight transport
capacity by increasing the transport capacity of part-time
drivers and reducing the number of price-sensitive user
orders, so as to improve user satisfaction. Banergee et al. [13]
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use queuing theory model to simulate the flow of drivers and
passengers in online ride-hailing market for the first time
and study the volume and revenue of online ride-hailing
platform by static pricing and dynamic pricing. In addition,
a series of literature studies [14-16] show the pricing strategy
of online ride-hailing platform to explore how pricing can
balance the relationship between passengers, drivers, and the
platform, to maximize the benefits.

In terms of the profit distribution and drivers’ income,
Xu et al. [17] investigated the C2C business model of online
ride-hailing platform and concluded that, based on the
technical characteristics of the online ride-hailing industry,
the platforms are in an absolutely dominant position in
income distribution and they can take advantage of the lower
labor price of part-time drivers to force the contract drivers
to reduce the labor price, thus causing a certain degree of
labor market failure. Liu and Cai [18] analyzed the income
distribution mode of platforms, employed drivers in China’s
online ride-hailing industry by using political economy
theory, and demonstrated that the improvement of the
exploitation rate with drivers and passengers comes from the
monopoly of the platform and the profit-making nature of
capital. Xie [19] made an in-depth analysis of the demand
and behavior characteristics of drivers and passengers, fo-
cusing on the dynamic investigation of the income distri-
bution proportion of drivers. The research shows that the
optimal mileage price of online ride-hailing increases with
the increase of tour taxi fare and decreases with the increase
of “rebate.” Through the analysis of the taxi platform, driver,
and passenger involved in the process of online ride-hailing,
Danlei [20] determined the distance, customer preference,
and other influencing factors and analyzed how to maximize
the interests of the three parties.

In terms of government regulation, previous studies
mainly focused on the interpretation of the government’s
new policy on online ride-hailing and the research on the
access regulation of drivers and platform based on the
protection of passengers’ interests. Xiang [21] believes that
online ride-hailing is the product of market self-regulation,
and its generation has objective market value and devel-
opment prospects. Fang’s study [22], based on the Bertrand
model and Cournot model, constructs a repeated game with
uncertain ending time and analyzes the competitive strategy
of two stages of online ride-hailing market development, so
as to get the path of promoting the development of online
ride-hailing market. Recently, more and more attention has
been paid to the supervision of pricing and distribution
mechanisms. Lai [23] proposed that transparent pricing
rules for online ride-hailing should be the basic consensus of
the industry. Xia and Lin [24, 25] believe that government
should strengthen the supervision of the pricing and dis-
tribution of online ride-hailing platforms. Li [26] proposes
two problems in the government’s regulation of online ride-
hailing market: first, the government’s regulatory concept
lacks active guidance and cannot actively discover new
problems and carry out advance management; second, the
local government mechanically implements the central level
regulatory measures for the online ride-hailing market,
falling into the path dependence of regulatory means.
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Previous studies explained and evaluated the proportion
charged by platforms and paid less attention to the rela-
tionship between labor supply and the income distribution
proportion. In addition, in terms of the income distribution,
most of the studies paid attention to the interests of the
platform and less attention to the rights and interests of
drivers. Therefore, this paper clearly puts forward the
proportion of income distribution of drivers and focuses on
the rights and interests of drivers from the perspective of the
government. And more importantly, this paper takes social
welfare into consideration and forms a contrast with plat-
form interests to put forward suggestions for better devel-
opment of online ride-hailing.

3. Problem Description and Modeling

3.1. Basic Assumptions and Queuing Model. In this paper,
it is assumed that the online ride-hailing market is composed
of three parts: platform, driver, and passenger. The online
ride-hailing system is abstracted as the queuing system
shown in Figure 1. Unlike the general queuing system, since
the demand of online ride-hailing market exceeds the
supply, passengers in the online ride-hailing system are
regarded as the service desks and drivers are regarded as the
arriving customers [27]. Assuming that the new driver joins
the queue of available drivers at a rate A,, when the driver
matches his own passengers, the average travel time of the
passengers is t. After arriving at the destination, the pas-
sengers will leave the system, and the driver will either leave
the system or return to the original queuing system. The
probability of the driver leaving the system is set to be
Dreave > 0.

Assuming that the price of each ride is p (yuan/km) and
the driver’s income distribution proportion is A, the driver’s
income of each ride is Ap, and the income of the platform is
supposed to be (1-A) p.

Considering the platform, passengers are usually sen-
sitive to the price of the ride, if the price is too high, price-
sensitive customers will give up the ride. And the drivers are
sensitive to the average amount of money earned over a
longer period of time (a few hours or a day). If the profit is
too low, the driver will give up. Therefore, this paper in-
troduces the change curve of the expected price of pas-
sengers and drivers. For passengers, assuming that the
adjusted price of passengers is independent of the distri-
bution Fy, and Vis the expected price of each passenger, the
distribution function of V is denoted as Fy, (V). If p<V,
passengers are willing to ride; otherwise, they will give up.
Similarly, suppose that the driver’s adjusted price is inde-
pendent of the distribution F and C is the expected revenue
of each driver. The distribution function of C is denoted as
Fo(C). If the actual average hourly income Ap/t> C, the
driver will choose to accept the order; otherwise, he will give
up.

Therefore, if the initial passenger arrival rate is y,, then
the actual passenger arrival rate y is

= oFy (p) = (1= Fy (p))to- (1)

For drivers, when the order ends, the driver will leave the
system with probability gy.,,.; meanwhile, the psychological
price of drivers is independent of the distribution F, which
affects the choice of drivers to receive orders (enter the
system). Therefore, when the queue of drivers in Figure 1 is
stable, the following equation relationship can be established
for the probability of new drivers arriving at the system (A,):

Ae = Aqleave = AOFC(f’/]H') (2)

In equation (2), f is the expected free time per ride, 5 is
the expected revenue per ride, and A, is the initial driver
arrival rate.

In addition, the platform adopts a single threshold
pricing method; that is, the price is set according to the
number of drivers (N) available in the system. The pricing
strategy has three parameters: low price p;, high price py,
and threshold 6. When N > 0 (here let 8=2), the platform
pricing P(N) = p;;when N < 0, P(N) = py [27]. As shown
in Figure 2.

From the perspective of the platform, the strategy of
income distribution should ensure the maximization of
platform profit. The platform profit here refers to the
platform’s net income, which can be calculated by deducting
the drivers’ share and the platform costs (operating costs,
etc.) from the platform’s total income. Then, the platform
profit is

T=[(1-A)p-Tc]A(A p). (3)

In equation (3), A(A, p) refers to the effective driver
arrival rate under the equilibrium state when the extraction
coefficient is A and the price is p. T refers to the cost of
platform.

From the perspective of the government, the operation
of online ride-hailing system should ensure the maximi-
zation of social welfare. In this paper, social welfare W is
defined as the sum of passenger surplus (S), driver surplus
(D), and platform profit (T), as expressed by the following
equation:

W, =S+D+T. (4)

The passenger surplus per ride is the average surplus of
passengers who are willing to enter the queuing system. The
passenger surplus can be obtained by deducting the price
actually paid by passengers from the price that passengers
are willing to pay. The transaction volume is the ratio of
successful matching in the steady state, which is given by the
effective driver arrival rate A (A, p). Then, the overall surplus
of passengers can be calculated as follows:

l (o]
$=MAp = [ v-prmav. @

Unlike the concept of surplus in traditional economics,
the definition of driver surplus is similar to the passenger
surplus. The driver surplus per ride can be calculated by
deducting the driver’s psychological expectation income and
the driver’s cost (fuel consumption, vehicle damage, etc.)
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Ficure 2: Birth and death process of the drivers in the platform.

from the driver’s actual income. Then, the overall driver’s
surplus can be calculated as follows:

B t (Aplt) Ap
D_A(A,p)[FCTp/t)J (22 C>deC—DC].
(6)

3.2. The Dynamic Pricing Model. Dynamic pricing strategies
are common in revenue management. In the online ride-
hailing industry, the service price is usually set by the
software. The platform automatically generates a surge
multiplier according to time, geographical location, demand,
and other factors, to form a dynamic price.

Following the example of Banerjee et al. [13], a
threshold-based dynamic pricing method is applied to
model the peak time price. In the queuing model constructed
above, only the number of vehicles available in the queue is
considered to adjust the price, which means that the price is
set according to the number of drivers (N) available in the
system. The pricing strategy can be expressed as follows:

, N>0,
P(N)={“ )
Py N<6.

Among them, p;, py, and O represent the low price, high
price, and the threshold, respectively. Set ay = 1/Fy, (py)
and a; = 1/Fy, (p;), and when the number of drivers is n, the
platform pricing is p, and the driver’s income distribution
proportion is A, the equilibrium driver arrival rate in the
online ride-hailing system is defined as A (A, p,n). In order
to simplify the influence of the number (#) on the results, we
use the equilibrium driver arrival rate under the large market
limit (A(4, p) =lim,_, . (A(A, p,n)/n)) to study the
maximization of social welfare. The arrival rate of drivers
meets the following requirements:

where pp,; is the equilibrium price when the drivers’ supply
is equal to the passengers’ demand.

yom _ Ao p (APsa
toFv (Ppar) = q Fc( )»

leave t

prlom — uo/A(A, p)] + py [ue/A (A, p) - “L]'

O —&p

P:

(9)

From the above model, we can understand the leverage
effect of fare adjustment in the supply-demand relationship of
online ride-hailing market. The driver’s income distribution
proportion not only is affected by the driver supply, passenger
demand, and platform but also affects the platform supply and
demand in turn, to guide the rational allocation of resources
according to the rules of supply and demand in economics.

On the basis of dynamic pricing, the social welfare
maximization model can be expressed as follows:

' #oFy (pr) f (o), Pr > Ppav»

A g
male =1 Dieave

<APH>f(PH) Pu < PpaLs

A AP
s Fc<7>f(P)r P1 < PpaL = P-

leave

(10)

The profit maximization model of online ride-hailing
platform based on dynamic pricing can be expressed as follows:

#oFy (pr)[(1 = A)p, —T,], Pr> Ppar

fc( )[ -~ Apy-T.], pu<Ppraw

max WZ =7 Dicave

fc( )(1_A)P T, PL = PpaL < PH-
(11)

Qieave
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The main parameters and meanings involved in this
paper are shown in Table 1.

4. Numerical Experiments

4.1. The Influence of City Scale on Driver’s Distribution.
By comparing the situation of different levels of cities, this
section investigates the comprehensive influence of different
parameters on the pricing strategy and the distribution
strategy of the platform.

4.1.1. Case Setup. We divided the following four scenes to
represent different levels of cities, whose basic parameters
are as shown in Table 2.

City A : megacity like Shanghai, Beijing. The population
of city A is more than 10 million. It has the highest
population density and the most developed trans-
portation system. Correspondingly, it has the largest
supply and demand. People’s consumption level is
higher, and the psychological expected price acceptable
to passengers and drivers is the highest.

City B:big city like Suzhou, Chongqing. The perma-
nent population is between 5 million and 10 million,
and the population density is around 1400 people per
square kilometer.

City C:medium-sized city like Nanchang. Its perma-
nent population ranges from 1 million to 5 million. The
population density is around 700 people per square
kilometer. The supply and demand of online ride-
hailing are lower than those of cities A and B, people’s
consumption level is not so high, and the service price
acceptable to passengers is lower.

City D:small city. The supply and demand of online
ride-hailing are relatively low; people’s consumption
level and the service price acceptable to passengers are
the lowest. The permanent population of such cities is
often less than 1 million, with a low population density.

4.1.2. Result Analysis. Models proposed in this paper are
applied to calculate and obtain Table 3.

The following conclusions can be drawn from Table 3: (1)
In cities A and B, which have higher population density and
higher levels of supply and demand, whether the pricing is
high or low, the price in pursuit of platform benefits
maximization is higher than that in pursuit of social welfare
maximization. (2) In the outputs of the social welfare
maximization model of different cities, the driver’s income
distribution proportion is between 0.5 and 0.7, while it is
between 0.4 and 0.6 in the outputs of the platform benefit
maximization model. In the social welfare maximization
model, the driver’s interests are more protected. (3) Com-
pared with the social welfare maximization model, the
platform profit maximization model not only obtains higher
platform pricing but also lowers the driver’s income dis-
tribution proportion. According to the above models, this is
mainly because the platform profit is determined based on
the drivers’ income and platform pricing. The less the

drivers’ income distribution is, the higher the platform profit
will be. In the contrast, social welfare maximization model
considers the balance among online ride-hailing platforms,
drivers, and passengers. (4) In addition, it is worth noting
that, under the same city parameter conditions, although the
quantitative value of social welfare includes platform ben-
efits, the ultimate value obtained from the social welfare
maximization model is lower than the platform benefit
maximization (expect for city A).

Therefore, given the actual situation, from the govern-
ment’s point of view, if regulations are not issued to provide
guidance for the income distribution proportion of drivers
on the online ride-hailing platform, it is very likely that the
monopoly price of online ride-hailing platform will be equal
to the traditional taxi price, and the interests of drivers will
be exploited.

4.2. Relationships between Basic Parameters and Driver’s
Income Distribution Proportion. In this section, numerical
examples with different settings of model parameters are
used to analyze the relationship between the driver’s income
distribution proportion and basic parameters in the two
models. The conclusions can provide a reference for the
government’s decision and policy-making.

4.2.1. Example Setup. Set the initial arrival rate of drivers
Ay = 2500 vehicles/h, the initial arrival rate of passengers
Uo = 5000 Passengers/h, the average travel time t = 0.5
hours, and the probability of drivers leaving the system
Qreave = 0.8. Assuming the psychological expected price of
drivers and passengers f., fi ~ N(3,1). The driver cost is
1.11 yuan/km, and the platform cost is 0.14p. By changing
the value basic parameters, including the average travel time,
the psychological expected price distribution of passengers
and drivers, and the probability of driver leaving the system,
the influence of basic parameters on driver’s income dis-
tribution proportion is analyzed and compared in social
welfare maximization model and platform profit maximi-
zation model, respectively.

4.2.2. Relationship between Proportion and Average Travel
Time. As shown in Figure 3, as the value of average travel
time increases in the model, the driver’s income distribution
proportion of the two models increases. From the per-
spective of economics, this is due to the decrease of supply
caused by the increase of ride time. In the case of unchanged
demand, the platform price will rise, and accordingly, the
driver’s bonus should also increase. Additionally, comparing
the two broken lines, the income distribution proportion of
drivers obtained in the platform profit maximization model
is lower than that of the social welfare maximization model,
which is consistent with the profit purpose of the platform.

Furthermore, in the platform profit maximization
model, the average ride time of passengers significantly
affects the driver’s income distribution proportion. How-
ever, in the welfare maximization model, the driver’s income
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TaBLE 1: Summary of parameters.

Parameter Description

A, Probability of new drivers arriving at the system

t Average travel time

Treave Probability of driver leaving the system

Ay Initial driver arrival rate

Ho Initial passenger arrival rate

A Effective driver arrival rate

7 Effective passenger arrival rate

A Driver’s income distribution proportion

p Price of each ride

pL Low platform pricing

P High platform pricing

0 Threshold

N Number of available drivers

Fy, Psychological price distribution of passengers

F¢ Psychological price distribution of drivers

fv Probability density distribution of passenger psychological price

fe Probability density distribution of driver’s psychological price

\%4 The expected price of each passenger

C The expected price of each driver

f Expected free time

h Expected ride income

N Passenger surplus

D Driver surplus

T Platform profit

W, Social welfare

W, Platform profit

D Driver cost

Tc Platform cost

PBAL Balanced price

d Population density

TaBLE 2: Basic parameter settings of four cities of different levels.

Parameter City A City B City C City D
D 3.40 1.40 0.70 0.15
Ao 1500 1100 1000 300
Ho 3000 2200 2000 600
ieave 0.8 0.8 0.8 0.8

t 0.75 0.5 0.5 0.33
fv N(4,1) N(3,1) N(3,1) N(2,1)
fe N(4,1) N(4,1) N(2.5,1) N(3.5,1)
D¢ 0.11 0.11 0.11 0.11
Te 0.14p 0.14p 0.14p 0.14p

distribution proportion is less significantly influenced by the
average travel time.

It is inspired that, in reality, as the price of online ride-
hailing services is generally determined by online ride-
hailing platforms, they prefer longer service time [28], which
is contrary to the traffic development of today’s intensive
cities and green transportation cities. However, in the
welfare maximization model, the change of average travel
time has no obvious effect on the driver’s income distri-
bution proportion.

4.2.3. Relationship between Proportion and Psychological
Expected Price of Drivers and Passengers. The distribution of
the psychological expected price of passengers and drivers,

especially the psychological expected price of drivers, de-
termines the supply of labor force in online ride-hailing
market.

In Zha et al. [7] research on the labor supply of online
ride-hailing platform, they focused on driver’s behavioral
decision-making and pointed out that the driver’s supply
decision-making is affected by the driver’s psychological
expected price and the average hourly income, which is
closely related to driver’s income distribution in work.
Figure 4 shows the relationship between the income dis-
tribution proportion and the psychological expected price of
drivers and passengers. It can be seen that, with the increase
of the psychological expected price of passengers and
drivers, the proportion of drivers’ income distribution in the
two models shows an increasing trend. This is due to the
increase of driver supply caused by the increase of the
psychological expected price of drivers and passengers,
which leads to the increase of driver supply. Therefore, to
achieve better social welfare and increase the income dis-
tribution proportion of drivers, it is necessary to raise the
psychological expected price of passengers and drivers. For
drivers, it is realistic to increase the psychologically expected
price. For passengers, it can be realized by some methods:
improving the quality of service, such as improve the
convenience, safety, and comfort of service, which can in-
crease the consumption intention of passengers and improve
the price level acceptable to passengers. In addition, the
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TAaBLE 3: Model outputs of the four cities.

City A City B City C City D
Welfare Profit Welfare Profit Welfare Profit Welfare Profit
maximization maximization maximization maximization maximization maximization maximization maximization
A 0.64 0.57 0.57 0.44 0.47 0.36 0.47 0.43
PL 4.39 4.76 2.00 3.36 1.55 1.18 2.54 1.18
Pu 4.56 4.80 3.30 3.45 2.55 2.58 3.11 2.57
A(A, p) 635 488 1129 981 580 561 185 170
W, /W, 686 672 1135 1409 517 721 145 186
Relationship between Proportion and Average Travel Time Relationship between Proportion and
Psychological Expected Price of Drivers and Passengers

S 060 .06

E % 0.60

£ 055 o 2 s

A é 0.50 © A § 0.50

Q& O E 8

g 2 045 § 504

EE = 040

g 040 o £ 03

g 035 RS

030 1.9

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Average Travel Time

—o— the social welfare maximization model
o— the platform profit maximization model

FIGURE 3: Relationship between proportion and average travel
time.

increase of the psychological expected price is related to the
economic development level of the whole society. When the
overall economic level of the society is improved, the ac-
ceptable cost of passengers’ transportation will be increased,
and so will the psychological expected price of drivers and
passengers.

4.2.4. Relationship between Proportion and Probability of
Driver Leaving the System. The pricing strategy of online
ride-hailing platforms and the income distribution pro-
portion of drivers are closely related to the participation of
drivers. The probability of drivers leaving the system de-
termines the quantity of supply in the online ride-hailing
system. Figure 5 examines the relationship between the
income distribution proportion of drivers and the proba-
bility of drivers leaving the system. In the social welfare
maximization model, with the increasing probability of
drivers leaving the system, the driver’s income distribution
proportion gently increases. This is because, in the dynamic
pricing model, the probability of drivers leaving the system
hurts the supply of drivers. When the supply of drivers in the
system decreases, it will inevitably lead to the increase of
platform pricing and income distribution proportion, which
is in line with the concept of economics. In the platform
profit maximization model, the driver’s income distribution
proportion also shows an upward trend with the increase of
the probability of drivers leaving the system, and the dis-
tribution proportion is smaller than that in the social welfare
maximization model.

N (1,1) N (2,1) N(3,1) N (4,1)

Psychological Expected Price of Drivers and Passengers

N (5,1)

—o0— the social welfare maximization model

0— the platform profit maximization model

FIGURE 4: Relationship between proportion and psychological
expected price of drivers and passengers.

Relationship between Proportion and Probability of Driver Leaving the System
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—o— the social welfare maximization model
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FIGURE 5: Relationship between proportion and probability of
driver leaving the system.

4.3. Summary. In this chapter, through the analysis of two
examples, we deeply discuss the proportion of the drivers on
the online ride-hailing platform.

The first example is based on the basic parameters of
supply and demand of four cities of different levels and
calculates the extraction coefficient and maximum benefit in
the social welfare maximization model and platform benefit
maximization model, respectively. It compares the cities to
understand the influence of basic parameters of different
scales on the extraction coefficient. Finally, we find the
following.



In the former model, the proportion of online ride-
hailing platform drivers is significantly higher than the latter.
This is in line with the reality of the platform’s pursuit of
interests and also reflects the need for the government to
regulate the proportion of drivers.

In the second example, by controlling the variables, we
change the average ride time of consumers, the psychological
expected price of drivers and passengers, the probability of
drivers leaving the system, and other parameters to explore
their influence on the driver sharing coefficient in the two
models. The example shows the following:

(1) With the increase of any parameter, the sharing
coeflicient of the two models will rise, but the rising
rate is not the same; especially, the psychological
expected price of the driver/passenger has a greater
impact on the driver’s proportion.

(2) At the same time, in the process of each parameter
change, the sharing coefficient of the social welfare
maximization model is significantly higher than that
of the platform benefit maximization model.

5. Conclusions and Suggestions

Online ride-hailing platforms have operated in cities
worldwide. In response to the lack of transparency and
consistency in the pricing and income distribution of online
ride-hailing platforms, this study investigated the mecha-
nism of pricing and income distribution.

The contributions of this paper are as follows: (1)
Queuing system model and birth and death process theory
are introduced to describe the driver’s flow process in the
network. (2) The social welfare maximization model and the
platform benefit maximization model are constructed, from
the government’s and platform’s standpoint, respectively,
based on the psychological expected price curve of pas-
sengers and drivers. (3) Numerical experiments are per-
formed to analyze the driver’s income distribution under the
conditions of different settings. The results indicated that the
income distribution proportion of drivers is higher in the
context of social welfare maximization than that in the
context of platform profit maximization. This is consistent
with the reality of the platform’s pursuit of interests.
Moreover, the average riding time of consumers has little
influence on the proportion of withdrawal in the context of
social welfare maximization, while the psychological ex-
pected price of drivers and passengers has a significant
impact on it.

Therefore, to maximize the social welfare and protect the
driver’s rights and interests, the government is suggested to
flexibly regulate the pricing and the income distribution of
online ride-hailing platforms on the premise of legal com-
pliance. Government can limit the commission charged by
the platform and set the lower limit of driver’s proportion.
First, the monopolized online ride-hailing platform charges
a fee for the upper limit of each transaction at most. The
setting of the upper limit maximizes the total transaction or
the realized demand which is proportional to the consumer
surplus. As long as the price is surging, the surge will be
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transferred to the driver’s income to the maximum extent.
Additionally, a lower limit should be set to the income
distribution proportion of drivers. The setting of a lower
limit guarantees the basic income of drivers in the mo-
nopolistic and opaque market. Moreover, in the long run,
according to the impact of different parameters on the
driver’s income distribution proportion, the government
can encourage long-distance online ride-hailing, develop
bike-sharing and tram sharing in short-distance travel,
improve residents’ income and consumption level, maxi-
mize social welfare in urban development, and continuously
improve the psychological expected price of consumers and
drivers.

This study also has some limitations: for example, this
paper only considers the impact of a single factor on the
driver’s income distribution ratio and does not consider the
comprehensive impact of multiple factors. In addition, there
is no existing data available online for ride-hailing trips
which can be used to test the models. Therefore, these can be
considered in future analysis, and other factors, such as
spatial differences, traffic congestion, and driving costs, can
also participate in discussions.
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