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Increasing attention is being paid to the pricing decisions of ride-hailing platforms. *ese platforms usually face market demand
fluctuation and reflect supply and demand imbalances. Unlike existing studies, we focus on the optimal dynamic pricing of the
platforms under imbalance between supply and demand caused by market fluctuation. Dynamic models are constructed based on
the state change of supply and demand by using optimal control theory, with the aim of maximizing the platform’s total profit. We
obtain the optimal trajectories of price, supply, and demand under three ride demand situations. *e effects of some key
parameters on pricing decisions, such as coefficient of demand fluctuation, service quality, and fixed commission rate, are
examined. We find the optimal dynamic price can improve the match of supply-demand in ride-hailing market and enhance the
revenue of platform.

1. Introduction

As an innovation of the mobile Internet era, ride-hailing
platforms (e.g., Uber, Lyft, and DiDi) have played a sig-
nificant role in improving vehicle use efficiency, increasing
transportation service supply, facilitating taxiing, and pro-
moting employment. As such, ride-hailing platforms have
been rapidly popularized and have subverted the traditional
taxi market, completing millions of trips every day (Ma et al.
[1]). By July 2018, Uber had completed over 10 billion ride-
hailing transactions globally and was active in over 80
countries and 700 cities (Uber [2]). *e total market value of
the global ride-hailing industry is projected to grow to $285
billion by 2030 (MarketWatch [3]), which will bring huge
economic benefits to ride-hailing platforms. Ride-hailing
platforms rely on freelance drivers who decide when and for
how long to work (Hu and Zhou [4]). *e platforms use
mobile Internet to integrate the online and offline functions,
match the demand of riders with the supply of drivers,
reduce the empty load rate of drivers, save the cost of
communication between drivers and riders, and improve the
convenience and efficiency of travel (Cramer and Krueger

[5]). Compared with public transport, the benefits of ride-
hailing are convenience, time-saving, and comfort, which
has won the favor of some ride-hailing passengers. In ad-
dition, when the weather is bad, time is tight, and travel
location is remote, users can conveniently use a mobile
phone platform to access a ride-hailing service.

However, since 2018, the supply of vehicles in China has
been insufficient, and there has been difficulty in finding a
ride-hailing service in some areas and during certain periods
(Xinhua news [6]).*e reason for the difficulty is mainly due
to fluctuations in demand and the mismatch between supply
and demand. Demand during the peak period increases
rapidly, and supply cannot keep up; however, during the
normal period, supply is excessive (Hu and Zhou [4]). For
example, in big cities such as Beijing and Shanghai, queuing
is necessary during the morning and evening peak hours and
even more so during holidays. *e ride-hailing platform’s
application usually shows that there are more than a dozen
people in the queue with an average wait of 20 minutes or
that the driver is far away, etc (Xinhua news [6]). To solve
these difficulties, some ride-hailing platforms try to dy-
namically adjust the price to match the supply and demand

Hindawi
Mathematical Problems in Engineering
Volume 2020, Article ID 5620834, 26 pages
https://doi.org/10.1155/2020/5620834

mailto:xuqi@dhu.edu.cn
https://orcid.org/0000-0003-2530-8848
https://orcid.org/0000-0002-4901-6877
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2020/5620834


(Yan et al. [7]). For example, DiDi’s Spring Festival service
fee and the daily price adjustment mechanism for the
morning peak are based on supply and demand. Passengers
willing to pay higher service fees are sent to motivated
drivers who give up their holiday break. *is arrangement is
convenient for the passengers but also gives the drivers a
reasonable and legitimate return; it is a win-win scenario
(Cachon et al. [8]).

Compared with traditional taxi companies, ride-hailing
platforms have their own unique characteristics. For ex-
ample, ride-hailing passengers can quickly obtain ride in-
formation (e.g., the waiting time, the number of people in
line, and even the number of drivers around them) and
coordinate with nearby drivers in real time, whereas tra-
ditional taxi passengers usually wait at the side of the road or
book in advance. In addition, the drivers of ride-hailing
platforms are relatively free to choose when and where they
work. *e fluctuation of ride-hailing demand based on
specific reasons was related to more people wanting to use
the service (e.g., time of day, price, and service quality), and
the supply of services usually be influenced by factors such
whether there are drivers available, geographic areas,
commissions etc. Due to the influence of weather factors
(e.g., sunny, rainy, and snowy weather) and special occasions
(e.g., after a concert), there can be a mismatch in supply and
demand (Hall et al. [9]; Cachon et al. [8]; Yan et al. [7];
Afèche et al. [10]; Hu and Zhou [4]).

We are motivated by the dynamic pricing problems that
arise when ride-hailing platforms face market demand
fluctuation and supply-demand mismatch. Although there
have been studies on pricing strategies, many authors (e.g.,
Feng et al. [11]; Yan et al. [7]; Hu and Zhou [12]; Sun et al.
[13]; Bimpikis et al. [14]) have not designed their models to
take into account the characteristic of demand fluctuation
over time. *ey also do not consider the supply function,
which is sensitive to dynamic wages, in relation to time.
When rider demand increases but there is not enough supply
to meet the demand (Cachon et al. [8]), platforms imple-
ment “demand rationing” by delaying the service, extending
the rider wait time, or even losing the rider bookings. *e
difficulty in hailing a car in some regions and during certain
periods affects the consumers’ travel experience. When rider
demand decreases, supply can exceed the demand (Cachon
et al. [8]). In such cases, the platform resorts to capacity
rationing, that is, to idle available transportation capacity.
*erefore, to maximize the profits, it is important to de-
termine the platforms’ optimal pricing under market en-
vironments of unbalanced supply and demand caused by
fluctuations in rider demand and thus reduce the rider
booking delay and underutilized transportation capacity.

*is study considers a ride-hailing platform in the
market. *e platform crowdsources drivers who have idle
car resources and provides shared transport for riders. We
incorporate the rider demand fluctuation into the common
demand function (Desiraju and Moorthy [15]) and use the
coefficient of demand fluctuation to describe different de-
mand conditions. Unlike the previous studies (e.g., Cachon
et al. [8]; Hu and Zhou [4]; Liu et al. [16]), we assume rider
demand is an exponential function of time and is sensitive to

price and service quality. *is means rider demand changes
dynamically over time.

As a service enterprise, the ride-hailing platform can
provide ride supply-demand matching services that can be
reflected by service quality. *e service quality usually refers
to passenger satisfaction with ride-hailing services, such as
passengers’ ride efficiency, platforms’ supervision, and use
experience of APP. In reality, the passengers are concerned
not only with the price but also with the service quality.
However, service quality is closely related to service cost,
which affects the platform’s pricing decisions.*erefore, it is
necessary to study the impact of service quality on platform
pricing decisions, transaction volumes, and profits. Fur-
thermore, the fixed commission rate is the percentage of the
fare that the platform pays to the drivers after they complete
each ride (Cachon et al. [8] and Hu and Zhou [4]). It directly
affects not only the platform’s revenue from each transaction
but also the drivers’ participation through their income.
*erefore, we take into account the service quality and the
fixed commission rate of the ride-hailing platforms, the
opportunity cost when supply exceeds demand, and the
booking delay cost when supply fails to meet demand in
time. We thus study three different demand situations:
decrease in demand, increase in demand, and stable de-
mand. Optimal control theory has been used in the literature
on dynamic pricing (e.g., Lu et al. [17]; Herbon and
Khmelnitsky [18]; and Feng et al. [19]).*us, we use optimal
control theory to construct models and study the dynamic
pricing of ride-hailing platforms with different market de-
mand situations in a finite service time [0, T]. An analysis of
key parameters reveals further insights into the effect of the
coefficient of demand fluctuation, service quality, and fixed
commission rate on the platform’s pricing decisions. We
find that, although the peak congestion period can be re-
duced by reducing service quality and/or increasing the fixed
commission rate, the reduction in the service quality may
not be desirable due to the loss of peak demand.

We investigate the impact of key parameters on the total
transaction volume and the total profit in a finite service
time, in which the total profit is a concave function of the
fixed commission rate and service quality. To the best of our
knowledge, few studies have investigated dynamic pricing
according to the characteristics of demand fluctuation in the
actual operation of ride-hailing platforms. Our study is the
first to assume demand is an exponential function of time
and to use optimal control theory to examine the pricing
problem of ride-hailing platforms. We address the following
research questions:

(1) How do the ride-hailing platforms develop effective
dynamic pricing strategies in the face of demand-
supply imbalances under different market demand
situations (decreased demand, increased demand,
and stable demand), and how do the trajectories of
the platforms’ supply rate and demand rate change
under the influence of optimal dynamic prices?

(2) If the opportunity cost is not considered, how does
the platform adjust its optimal pricing strategy if
market demand decreases? If a ceiling price
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constraint is considered, how do the optimal pricing
strategies change if market demand increases?

(3) How do the coefficient of demand fluctuation, ser-
vice quality, and fixed commission rate affect pricing
decisions, transaction volumes, and profits under
different market demand situations?

2. Literature Review

2.1. Two-Sided Markets. *ere are a number of studies on
two-sided markets in various industries, such as the credit
card industry (Rochet and Tirole [20, 21]; Armstrong [22]),
the telecomsmarket (Waverman [23]), online gaming (Parker
and Van Alstyne [24]), e-commerce (Gaudeul and Jullien
[25]), media (Anderson and Gabszewicz [26]; Kind and
Stähler [27]), and transportation (Furuhata et al. [28]; Wang
et al. [29]; Djavadian and Chow [30]). Rochet and Tirole [20],
Gaudeul and Jullien [31], and Armstrong [22] have done
pioneering research on two-sided markets. Rochet and Tirole
[21] defined two-sided markets: “A market is two-sided if the
platform can affect the volume of transactions by changing
the price share between two groups.” Most of the literature
considers network externalities in pricing strategies (e.g.,
Rochet and Tirole [20, 21]; Parker and Van Alstyne [24];
Wang et al. [29]; Djavadian and Chow [30]). Some studies
focus on competition (e.g., Rochet and Tirole [20]; Armstrong
[22]; Kind and Stähler [27]).

However, unlike most two-sided markets, ride-hailing
platforms have pricing power and need to match the supply
with the demand in a timely manner. In our study, rather
than focusing on equilibrium and the impact of network
externalities, we examine the dynamic setting in which a
ride-hailing platform sets price and wage over time under
different market demand situations. Specifically, we refer to
the description by Hu and Zhou [4] in which the platform’s
actual transaction volume at time t is the minimum of rider
demand and supply capacity. *at is, if in a period, there are
D riders and S drivers at time t in a neighborhood, the actual
transaction volume at time t is close to min{S, D}.

2.2. Pricing Problems. Optimal pricing problems have been
extensively studied in the revenue management and pricing
literature (Kolisch and Zatta [32]). Most revenue manage-
ment studies usually consider a fixed supply side and price-
sensitive demand (Petruzzi and Dada [33]). In contrast, we
consider a time-varying supply side that is sensitive to the
wage offered by the ride-hailing platform.

Our study is related to the dynamic pricing in operation
management. Over the past two decades, dynamic pricing
has attracted considerable attention from both industry and
academia (Cao et al. [34]). Gallego and van Ryzin [35] first
connected dynamic pricing with revenue management and
applied the intensity control theory system to the dynamic
pricing of perishable goods and later extended their research
to multiproduct situations (Gallego and van Ryzin [36]).
Smith and Achabal [37] posited that the sales rate is related
to seasonal factors of price and the level of residual

inventory; they established an optimized model based on the
pricing problem of retail products at the end of the quarter.
Some authors consider the consumer strategic behavior (e.g.,
Besanko andWinston [38]; Anderson andWilson [39]; Aviv
and Pazgal [40]; Levin et al. [41]). In the recent years, there
have been many studies on dynamic pricing (e.g., Hu et al.
[42]; Varella et al. [43]; Ajorlou et al. [44]; Feng et al. [19];
Chen and Chen [45]), especially regarding perishable items.

Lu et al. [17] introduced a perishable item inventory
system with limited replenishment capacity and achieved an
optimal joint dynamic pricing and replenishment strategy by
solving the optimal problem using Pontryagin’s maximum
principle. Herbon and Khmelnitsky [18] used optimal
control theory to study the optimal dynamic pricing and
optimal replenishment strategies of storable perishable
items. Feng [19] studied the dynamic optimizationmodel for
the maximization of total profit per unit time of perishable
products with dynamic pricing and quality investment; they
determined an optimal joint dynamic pricing, quality in-
vestment, and replenishment strategy based on Pontryagin’s
maximum principle. Related studies include Chen et al.’s
[46] and Sato’s study [47]. *ese authors used optimal
control theory (Lu et al. [17]; Herbon and Khmelnitsky [18];
Feng [19]) to construct an equation of state change and
obtain an optimal dynamic price solution according to
Pontryagin’s maximum principle. We construct an equation
of state change based on supply and demand and study the
ride-hailing platforms’ dynamic pricing of ride-hailing
platforms using optimal control theory to maximize the total
profit in a period.

2.3. Ride-Hailing Platforms. *e service operation of ride-
hailing platforms, based on the concept of “shared trans-
port,” has increasingly attracted the scholars to do research
in the field of operation management. At present, research
on the service operation of ride-hailing platforms focuses on
the pricing strategy and on the matching supply with de-
mand. To examine platform pricing strategy, Cachon et al.
[8] designed five contracts by adjusting prices and com-
missions of ride-hailing platforms and found that the op-
timal contract substantially increases the platform’s profit,
relative to contracts with a fixed price or fixed wage (or
both), and although surge pricing is not optimal, it generally
achieves optimal profit. Zha et al. [48] studied the peak
pricing effect on ride-hailing platforms under different as-
sumptions of labor supply behavior. Yan et al. [7] used data
from Uber to show that, by jointly optimizing the dynamic
pricing and dynamic waiting, price variability can be
mitigated while increasing the capacity utilization, trip
throughput, and welfare. Guda and Subramanian [49]
considered the strategic interactions among ride-hailing
platform drivers when deciding to move across regions and
found that even in areas where driver supply exceeds de-
mand, peak pricing can be profitable. Bimpikis et al. [14]
explored the spatial price discrimination in the context of a
ride-hailing platform that serves a network of locations. Sun
et al. [13] were the first to take into account both ride details
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and driver locations and assumed that drivers and customers
maximize the utility to determine the optimal pricing
strategy for online ride-hailing platforms. Liu et al. [16]
studied the pricing decisions of a profit-maximizing plat-
form by considering the provider’s threshold participating
quantity, value-added service (VAS), and matching ability.
Wu et al. [50] considered spatial differentiation and network
externality in the pricing mechanism of an online car-hailing
platform and analyzed the game competition among plat-
form users and the impact on the platform’s optimal pricing.
Although the literature has demonstrated and studied the
pricing strategies of ride-hailing platforms at peak demand,
these studies have not incorporated the characteristics of
demand fluctuation and uncertain supply into the models
nor have they explored how service quality and the plat-
form’s fixed commission rates affect the pricing decisions,
transaction volume, and profit.

On matching the supply with demand, many re-
searchers modeled the matching process between drivers
and customers as an unobservable queue. *e arrival of
passengers is regarded as a Poisson process, and drivers are
regarded as servers in the queuing system (Bai et al. [51];
Taylor [52]; Hu and Zhou [4]), with queuing theory used to
study the supply and demand matching. Feng et al. [11]
compared the efficiency of online supply and demand
matching with the average waiting time of traditional taxi
hailing. Hu and Zhou [12] considered an intermediary’s
problem of dynamically matching demand and supply of
heterogeneous types in a periodic review. In research on
other aspects of ride-hailing platforms, Ma et al. [1] studied
the optimal scheduling that would enable drivers to choose
to accept the platform’s scheduling rather than drive to
another area or wait for higher prices. Afèche et al. [10]
found that drivers make strategic decisions on whether and
where to provide services according to soaring price and
income differences.

2.4. Academic Contribution. Our paper differs from the
above studies in two aspects. First, although it is common to
study pricing strategies in different industries using optimal
control theory, few researchers have used this method to
study the pricing strategies of ride-hailing platforms. We
introduce optimal control theory to study the pricing
problems of ride-hailing platforms. *us, we extend the
existing research methods to ride-hailing platforms. Second,
we consider the characteristics of demand fluctuation into
themodels, in view of the practices of such platforms as DiDi
and Uber that face the ride-hailing demand vary dynamically
with time at different periods. *e optimal dynamic price
trajectory of ride-hailing platforms are investigated, and we
find out the key time points that affect the platform opti-
mization pricing under different circumstances, so as to
make optimal pricing decisions for different ride time pe-
riods be more practical guiding. In addition, we examine the
impacts of platform service quality, fixed commission rate,
and market demand fluctuation on the pricing decisions,
transaction volume, and profit under different market
situations.

3. Problem Description and
Model Assumptions

Ride-hailing platforms match riders and drivers by coor-
dinating the supply and demand of ride services. Drivers can
freely choose to receive bookings and complete offline
transportation services. Once the ride is complete, riders
usually pay fares through third-party payment platforms
(e.g., Alipay or WeChat) on their mobile phones, and the
drivers receive a corresponding commission from the ride-
hailing platform. *e operational process of ride-hailing
platforms is shown in Figure 1.

We consider a ride-hailing market consisting of a ride-
hailing platform, a number of drivers, and a number of
riders. In a finite service time [0, T], the platform’s demand
rate is D(t) and the platform’s supply rate is S(t). *e
platform charges the riders price P(t) based on the supply
and demand situation at time t. *e platform pays com-
mission W(t) to the drivers who use their personal vehicles
and provide the transportation service.When the supply rate
is higher than the demand rate, the platform bears unit
opportunity cost c. When the supply rate cannot meet the
demand rate, the platform bears unit booking delay cost h.
Note that opportunity cost c or booking delay cost h are
incurred per time unit. Such a ride-hailing platform is il-
lustrated in Figure 2.

*e assumptions used to formulate the problem are as
follows (the list of notations is in Table 1):

(1) It is assumed that the supply and demand at time 0
are in balance under the dynamic pricing policy, that
is, D(0)� S(0).

(2) In the Uber setting, the “surge multiplier” multiplied
by the base fare (as a whole, corresponding to the
price in our model), together with the travel time and
distance, determines the trip fare. For simplicity, our
model assumes away the spatial dimension (e.g.,
Cachon et al. [8]; Hu and Zhou [4]).

(3) Referring to Liu et al. [16], the demand rate for ride-
hailing platforms is sensitive to price and service
quality and is assumed to be a linear function of the
price:

D(P, t) � α(t) − βP(t) + cq, (1)

where α(t) represents the initial demand of the
market in a certain region, β> 0 indicates the price
sensitivity factor, and c> 0 is the service sensitivity
factor. In addition, D(P, t)≧ 0 at the ride service time
[0, T]; otherwise, this model would be uninteresting.

(4) We assume the following supply rate function:

S(W, t) � s · (W(t) − ε), (2)

where W(t) represents the commission for drivers,
W(t) � r ·P(t) (Cachon et al. [8]; Hu and Zhou [4]), ε is
the minimum participation cost per time unit of a
driver, which indicates a driver is willing to accept a
ride if the commission W(t) exceeds ε (Sun et al. [13])
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(i.e., W(t)> ε), and s is the wage sensitivity factor,
which reflects the sensitivity of supply to changes in
commission (Hu and Zhou [4]).

According to the demand rate and supply rate models
above, the platform’s total transaction volume is as
follows:

ψ(P, t) � 
T

0
min(D(P, t), S(W, t))dt. (3)

(5) *e ride-hailing platform’s unit cost function is as
follows:

C(t) � W(t) + ηq
2
, (4)

where η> 0 is the platform’s service cost parameter, q
is the platform’s service quality, and ηq2 has been
widely used (e.g., Moorthy [53]; Motta [54]; Ha et al.
[55]).

(6) During the ride service time [0, T], when D(P, t)≦
S(W, t), the ride demand decreases and the supply
capacity of the platform is larger than the demand.
Let v(t) represent the platform’s excess supply ca-
pacity and v(0) � 0. When D(P, t)≧ S(W, t), the ride
demand increases and thus some ride requirements
cannot be met in time. Let u(t) represent the quantity
of delayed bookings and u(0)� 0.

(7) To describe the effect of market demand fluctuation,
we assume that the initial demand of the market in a
certain region over time is as follows:

α(t) � αe
− at

, (5)

where α> 0 is the size of the rider demandmarket at t� 0
or a� 0. Referring to Maihami and Kamalabadi [56] and
Ghoreishi et al. [57], αe− at describes the fluctuation for the
initial ride demand in a certain region (i.e., decreasing,
increasing, and stable). *e coefficient of demand fluc-
tuation a represents a decreasing market demand if a> 0,
as shown in Figure 3, which is consistent with the real
scenario of decreasing market demand (e.g., when the
demand decreases after rush hour). If a< 0, the market
demand increases, as shown in Figure 4, which is con-
sistent with the real scenario of increasing market de-
mand (e.g., when the demand increases during rush hour,
during rainy/snowy weather, or at the end of a large
community event). If a� 0, it represents the stable market
demand, which is between decreasing market demand
and increasing market demand.

4. Model Analysis

In Sections 4.1, 4.2, and 4.3, we present the optimal pricing
strategies in a finite service time [0, T] under three ride
market situations: decreasing demand, increasing demand,
and stable demand. Based on three optimal pricing strate-
gies, we obtain the platform’s supply rate, demand rate, total
transaction volume, and total profit.

4.1. Optimal Pricing Strategies with Decreasing Market De-
mand (a> 0). Decreasing market demand indicates that
people’s demand for transportation is decreasing within a

Ride-hailing platform

Driver

Driver

DriverRider Rider

Rider

Ride-hailing service request Match drivers

Fares Commissions

Offline transportation

Figure 1: Operational process of ride-hailing platforms.

Booking delay cost

D (t)
Ride-hailing

platform

S (t)

W (t)P (t)

c

h

Opportunity cost

Rider
demand
market

Driver
supply
market

Figure 2: Model of a ride-hailing platform.

Table 1: Notations.
Index
v *e situation in decreasing market demand
u *e situation in increasing market demand
b *e situation in stable market demand
t Time, t ∈ [0, T]
Parameters
a *e coefficient of demand fluctuation
α *e size of rider demand market at t� 0 or a� 0
β *e price sensitivity factor
c *e service sensitivity factor
s *e wage sensitivity factor
r *efixed commission rate, 0< r< 1
η *e service cost parameter
q Service quality
c *e unit opportunity cost
h *e unit booking delay cost
ε Minimum participation cost per time unit of a driver
P *e ceiling price
P(t) *e ride-hailing service price
W(t) *e commission (wage) for drivers
C(t) *e unit cost function
α(t) *e initial demand of the market at time t
D(P, t) *e demand rate function
S(W, t) *e supply rate function
v(t) *e excess supply capacity of the platform
u(t) *e quantity of delayed bookings of the platform
ψ(P, t) *e total transaction volume of the platform
π(P, t) *e total profit of the platform
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period [0, T], such as during weekday nonrush hours (see
Figure 3). *erefore, the balance of the supply and demand
of the ride-hailing platform at time t� 0 will be broken.
Excess supply capacity (v(t)≧ 0), or capacity rationing,
occurs during this period (Cachon et al. [8]). Based on the
problem description and the model assumptions in Section
3, we set price Pv(t) of the ride-hailing service as the control
variable. *e optimal pricing model can be constructed
with optimal control theory when the platform’s supply
capacity is in excess. As in Jørgensen and Kort [58], the
inventory of physical products is the state variable, and the
equation of state change is based on the inventory re-
plenishment rate and the demand rate. In our setup, the
state of the ride-hailing platform at time [0, T] is described
by the accumulated excess supply capacity rate v(t). We
construct the state change equation of excess supply ca-
pacity based on the platform’s supply rate S(t) and demand
rate D(t):

v(t) � Sv Wv, t(  − Dv Pv, t( . (6)

*e accumulated excess supply capacity at time t is

v(t) � v(0) + 
t

0
Sv Wv, τ(  − Dv Pv, τ( ( dτ. (7)

*e ride-hailing platform’s objective is to find the op-
timal dynamic pricing and ride supply to maximize the total
profit over the ride service time [0, T].*e objective function
is given as follows:

πv Pv, t(  � max
Pv(t)


T

0
Dv Pv, t(  · Pv(t) − Dv Pv, t( 

· Cv(t) − c · v(t)dt

� max
Pv(t)


T

0
Dv Pv, t(  · Pv(t) − Wv(t) − ηq

2
 ⎡⎣

− c 
T

0


t

0

Sv Wv, τ(  − Dv Pv, τ( ( dτ⎛⎜⎜⎝ ⎞⎟⎟⎠⎤⎥⎥⎥⎥⎥⎥⎦dt

� max
Pv(t)


T

0
Dv Pv, t(  · Pv(t) − Wv(t) − ηq

2
 

− c(T − t) · Sv Wv, t(  − Dv Pv, t( ( dt,

(8)

with the following constraints:

v(t) � Sv Wv, t(  − Dv Pv, t( 

� s · Wv(t) − ε(  − αe
− at

+ βPv(t) − cq,

v(t) ≥ 0,

v(0) � 0,

a> 0.

(9)

To solve the optimization model above, the Hamilton
equation satisfied by a certain value function is constructed
as

Hv v(t), Pv(t), λv(t), t( 

� Dv Pv, t(  · Pv(t) − Wv(t) − ηq
2

  − c(T − t)

· Sv Wv, t(  − Dv Pv, t( ( 

+ λv(t) · sWv(t) − αe
− at

+ βPv(t) − cq 

� αe
− at

− βPv(t) + cq  · Pv(t) − Wv(t) − ηq
2

 

+ λv(t) − c(T − t)( 

· s · Wv(t) − ε(  − αe
− at

+ βPv(t) − cq ,

(10)

where the Lagrange multiplier λv(t) is the costate variable
associated with the state variables S(t) and D(t) and λv(t)

denotes the shadow price of the excess supply capacity.
*us, we can state the solution for the scenario in which

the market ride demand decreases.

Lemma 1. With decreasing market demand, the platform’s
profit πv(Pv, t) is strictly concave in service price Pv(t), and
the optimal dynamic price solution P∗v (t) can maximize the
platform’s profit πv(Pv, t).

*e proof is in Appendix.
*e maximum principle states that the necessary con-

ditions for P∗v (t), with corresponding state trajectory v∗(t),
to be an optimal control are the continuous and piecewise
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Figure 3: Decreasing market demand.
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Figure 4: Increasing market demand.
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differentiable function λv(t) such that the following conditions
hold. According to the necessary conditions of Pontryagin’s
maximum principle, we obtain the following costate equations:

v(t) �
zHv

zλv

,

λv(t) � −
zHv

zv
,

zHv

zPv

� 0.

(11)

From (9) and (10), the optimal dynamic price and the
shadow price λ∗v (t) can be obtained as follows:

P
∗
v (t) �

α
2β

e
− at

+
c(sr + β)

β(1 − r)
t +

cq + sε
sr + β

−
cT(sr + β)

2β(1 − r)

−
α(sr − β) · 1 − e− aT( 

2βTa(sr + β)
+

v(T)

T(sr + β)
,

(12)

λ∗v (t) � ct +
(1 − r) · (sr − β) · αe− aT − aT(cq + sε) − α( 

Ta(sr + β)2

+
2β(1 − r) · v(T)

T(sr + β)2
−

βηq2

sr + β
.

(13)

Based on Lemma 1, the optimal pricing control problems
are given in *eorem 1.

Theorem 1. During the ride service time [0, T], when the
market demand is decreasing, the optimal trajectory of the
platform’s dynamic price P∗v (t) is

P
∗
v (t) �

α
2β

· e
− at

+
c(sr + β)

β(1 − r)
· t +

cq + sε
(sr + β)

−
α(sr − β)

2β(sr + β)
.

(14)

*e optimal trajectory of the shadow price λ∗v (t) is

λ∗v (t) � c · t +
(1 − r) · (2βα − (cq + sε) · (sr − β))

(sr + β)2

−
α(1 − r) + βηq2( 

sr + β
+ cT.

(15)

*e optimal trajectories of the platform’s supply rate
S∗v (t) and demand rate D ∗v (t) over time are as follows:

S
∗
v (t) �

srα
2β

· e
− at

+
src(sr +β)

β(1 − r)
· t +

s(rcq − βε)
(sr +β)

−
srα(sr − β)

2β(sr +β)
,

(16)

D
∗
v (t) �

α
2

· e
− at

−
c(sr +β)

(1 − r)
· t +

s(rcq − βε)
(sr +β)

+
α(sr − β)

2(sr +β)
.

(17)

Remark 1. In this section, we set the constraint v(t) ≧ 0 in
(9), which represents the scenario in which the platform’s

demand is not higher than the supply when the market ride
demand decreases in a finite service time [0, T]. Given the
optimal solution of *eorem 1, the parameters satisfy the
conditions as follows: (a) β≧ sr; (b) if β< sr,
2c(sr + β)2 ≥ aα(sr − β) · (1 − r).

*e proof is in Appendix.
*eorem 1 indicates that the ride-hailing platform’s

optimal dynamic price, shadow price, supply rate, and de-
mand rate all change dynamically with time t in the ride
service time [0, T]. Furthermore, the shadow price λ∗v (t) is a
monotonic increasing function of time t, and its slope gives
the unit opportunity cost c. As the shadow price represents
the influence of constraint conditions on the objective
function, through equation (15), we know that the change
rate of the platform’s excess supply capacity has an in-
creasing impact on its profit rate with the passage of time.

Corollary 1. During the ride service time [0, T], when the
market demand decreases, we conclude the following:

(a) P∗v (t) is a convex function of time t.
(b) Assuming c� 0, there is a threshold Tth. When

0≦Tth≦T, P∗v (t) decreases first and then remains
stable or unchanged, and when T<Tth, P∗v (t)

monotonically decreases.
(c) Assuming c≠ 0, we have a critical point

t1 � − (1/a)ln(2c(sr + β)/aα(1 − r)). When 0≦
t1≦T, P∗v (t) decreases first and then increases and
P∗v (min) � P∗v (t1), and when T< t1, P∗v (t) mono-
tonically decreases.

*e proof is in Appendix.
Corollary 1 shows the optimal pricing strategies when a

ride-hailing platform faces decreasing market demand
during the ride service time [0, T]. First, the platform’s
optimal price decreases monotonically over time. On the one
hand, the platform reduces the optimal price P∗v (t) over
time both to alleviate the weakening market demand and to
stimulate market demand as much as possible to maximize
the utilization of supply capacity. On the other hand, the
platform adopts a fixed commission contract (e.g., Uber) to
pay W∗v (t) for drivers, where W∗v (t) � r · P∗v (t). *us, re-
ducing the service price P∗v (t) means correspondingly re-
ducing the commission W∗v (t) of drivers who join the
platform to provide ride service. *e platform can avoid
excessive supply capacity during the period of decreasing
demand to reduce the waste of idle transportation resources.

Second, with the passage of time, if the platform does
not consider the opportunity cost (c � 0), the optimal price
eventually tends to be stable or unchanged over time,
which ensures basic income for the platform. In contrast,
if the platform considers the opportunity cost (c > 0), the
optimal price first decreases to a certain level P∗v (min) �

P∗v (t1) and then increases over time. When the market
demand decreases to an extent such that the accumulation
of opportunity cost has an increasing impact on the
platform’s profit, the platform must raise the price to
maximize profit.
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Corollary 2. During the ride service time [0, T], market
demand decreases. Be platform’s total transaction volume
ψ ∗v is

ψ ∗v (t) �
α 1 − e− aT( 

2a
−

cT2 · (sr + β)

2(1 − r)

+ T ·
s(rcq + βε) + α(sr − β)

2(sr + β)
.

(18)

*e platform’s total profit π ∗v is

π ∗v � 
T

p
D
∗
v (t) · (1 − r) · P

∗
v (t) − ηq

2
 

− c · 
t

0
S
∗
v (τ) − D

∗
v (τ)( dτdt.

(19)

*e proof is in Appendix.

4.2. Optimal Pricing Strategies with Increasing Market De-
mand (a< 0). During peak ride periods, such as during rush
hour or rainy/snowy weather and at the end of large-scale
community activities, the market demand for rides surges.
*e increasing rate of demand is shown in Figure 4. At this
time, the balance of the supply and demand of the ride-hailing
platform at time t� 0 might be broken. Demand can exceed
supply capacity at the ride service time [0, T] (Cachon et al.
[8]), and thus demand rationing can occur. Ride bookings will
be delayed (u(t)≧ 0). In this situation, if the platform dy-
namically adjusts price according to the change in market
demand, it is conducive to greater profits and better matching
of supply with demand. In practice, price raising strategies are
used when the platform faces high demand. Uber calls this
strategy “surge pricing,” and Lyft calls it “prime time.”

Based on the problem description and the model as-
sumptions in Section 3, let price Pu(t) of the ride-hailing
service be the control variable and the volume of delayed
bookings be the state variable. Now, we can construct the
optimal pricing model using optimal control theory (Her-
bon and Khmelnitsky [18]; Jørgensen and Kort [58]). First,
the state change equation of the quantity of delayed bookings
is constructed based on the platform’s supply rate S(t) and
demand rate D(t):

u(t) � Du Pu, t(  − Su Wu, t( . (20)

*us, the quantity of delayed bookings at time t is

u(t) � u(0) + 
t

0
(D(P, τ) − S(P, τ))dτ. (21)

During the ride service time [0, T], the platform faces
increasing market demand. As the actual supply capacity
cannot meet the demand in time, the platform’s actual
transaction volume at time t is min(Du(Pu, t),

Su(Wu, t)) � Su(Wu, t). *e ride-hailing platform’s objec-
tive is to maximize the total profit in the ride service time [0,
T]. *e objective function is given by

πu Pu, t(  � max
Pu(t)


T

0
Su Wu, t(  · Pu(t) − Su Wu, t(  · Cu(t)

− h · u(t)]dt

� max
Pu(t)


T

0
Su Wu, t(  · Pu(t) − Wu(t) − ηq

2
 

− h 
t

0
Du Pu, τ(  − Su Wu, τ( ( dτ dt

� max
Pu(t)


T

0


T

0

Su Wu, t(  · Pu(t) − Wu(t) − ηq
2

 

− h(T − t) · Du Pu, t(  − S Wu, t( ( dt.

(22)

*e constraints of (22) are as follows:

u(t) � Du Pu, t(  − Su Wu, t( 

� αe
− at

− βPu(t) + cq − s · Wu(t) − ε( ,

u(t)≥ 0,

u(0) � 0,

a< 0.

(23)

We seek the platform’s optimal price in the case of
increasing demand. We introduce the Lagrange multiplier
λu(t) and construct the Hamilton function as follows:

Hu u(t), Pu(t), λu(t), t( 

� Su Wu, t(  · Pu(t) − Wu(t) − ηq
2

 

− h(T − t) · Du Pu, t(  − Su Wu, t( ( 

+ λu(t) · αe
− at

− βPu(t) + cq − s · Wu(t) − ε(  

� sWu(t)(  · Pu(t) − Wu(t) − ηq
2

  + λu(t) − h(T − t)( ·

αe
− at

− βPu(t) + cq − s · Wu(t) − ε(  .

(24)

Lemma 2. In increasing market demand, the platform’s
profit πu(Pu, t) is strictly convex in service price Pu(t). Bere
is no maximum point Pu(t) that can maximize the platform’s
profit πu(Pu, t).

*e proof is in Appendix.
Lemma 2 shows that this model cannot use Pontryagin’s

principle; otherwise, a price solution can be obtained to
minimize the platform’s profit. However, we should find the
optimal dynamic price to maximize the platform’s profit
during the ride service time [0, T]. We consider two cases: (i)
the platform is not constrained by the ceiling price
(Pu(t)≦P, P⟶+∞); and (ii) the platform is constrained
by the ceiling price (Pu(t)≦P, P is a constant), which is
motivated by the reality (e.g., the government wants to avoid
the malicious price increase of ride-hailing platforms in
some regions, that is, regulatory constraints). Respectively,
we propose *eorems 2 and 3.
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Theorem 2. In the case of increasing market demand, during
the ride service time [0, T], for case (i), the optimal dynamic
price of the platform P∗u (t) is

P
∗
u (t) �

α
β + sr

· e
− at

+
cq + sε
β + sr

. (25)

*e trajectories of the platform’s supply rate S∗u (t) and
demand rate D∗u (t) over time are as follows:

S
∗
u (t) �

srα
β + sr

· e
− at

+
s · (rcq − βε)

β + sr
, (26)

D
∗
u (t) �

srα
β + sr

· e
− at

+
s · (rcq − βε)

β + sr
. (27)

*e proof is in Appendix.
*eorem 2 indicates that the platform’s optimal dynamic

price, supply rate, and demand rate all change dynamically
with time t in the ride service time [0, T]. According to
*eorem 2, we can obtain some properties of the optimal
solution, as in Corollary 3, and the platform’s total trans-
action volume and total profit, as in Corollary 4.

Corollary 3. During the ride service time [0, T], based on
Beorem 2, the optimal solution for the ride-hailing platform
has the following properties:

(a) P∗u (t) is a convex function of time t, and P∗u (t) in-
creases monotonically

(b) S∗u (t) � D∗u (t) and u(t) � 0, so the platform does not
have the booking delay cost at time t

*e proof is in Appendix.
When the ride-hailing platform faces increasing market

demand during the ride service time [0,T], we consider that the
platform is not constrained by the ceiling price (P∗u (t)≦P,
P⟶+∞). *erefore, there are enough drivers wanting to
join the platform to provide ride service.*us, the platform can
acquire a stable and continuous supply capacity by increasing
service price. Corollary 3 indicates that the optimal price P∗u (t)

increases monotonically with the passage of time in the case of
increasing market demand. *us, the platform can continu-
ously obtainmore supply capacity.Moreover, the optimal price
P∗u (t) canmaximally incentivize drivers to join the platform to
provide transportation service, which in turn can dynamically
affect the supply capacity and reduce the delay in bookings.
*erefore, the platform’s supply and demand reach a balance,
and the delayed bookings reduce to zero.

Corollary 4. During the ride service time [0, T], based on
Beorem 2, the platform’s total transaction volume ψt

u is

ψ ∗u (t) �
srα 1 − e− aT( 

a(β + sr)
+

s · (rcq − βε)T
β + sr

. (28)

Be platform’s total profit π ∗u is

π ∗u � 
T

0
S
∗
u (t) · (1 − r) · P

∗
u (t) − ηq

2
 dt. (29)

Be proof is in Appendix.

Theorem 3. In case (ii) when the market demand increases
during the ride service time [0, T], there exists a critical point
t2 � − (1/a)ln(P · (sr + β) − (cq + sε)/α). If T≦ t2, the opti-
mal dynamic price P∗u (t) is calculated as in equation (25). If
0≦ t2≦T and Pmax

u � P∗u (t2) � P, thus P∗u (t) is as follows:

P
∗
u (t) �

α
β + sr

· e
− at

+
cq + sε
β + sr

, t ∈ 0, t2 ,

P, t ∈ t2, T( .

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(30)

*e proof is in Appendix.
*eorem 3 indicates that when the ride-hailing platform

faces increasing market demand and the service price is limited
by the ceiling price during the ride service time [0, T], the
platform’s optimal price increases monotonically over time,
which is consistent with Corollary 3. Once the optimal price
reaches the ceiling price, the platform will achieve maximum
supply capacity and the optimal pricewill not change over time.

According to *eorem 3, we can obtain the trajectories
of the platform’s supply rate and demand rate over time, as
in Corollary 5.

Corollary 5. During the ride service time [0, T], based on
Beorem 3, the following can be obtained:

(a) If T≦ t2, S∗u (t) is equal to equation (26), D∗u (t) is
equal to equation (27), and S∗u (t) � D∗u (t)

(b) If 0≦ t2≦T, S∗u (t) is

S
∗
u (t) �

srα
β + sr

· e
− at

+
s · (rcq − βε)

β + sr
, t ∈ 0, t2 ,

sr · P − sε, t ∈ t2, T( .

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(31)

D∗u (t) is as follows, and S∗u (t)≦Du∗(t):

D
∗
u (t) �

srα
β + sr

· e
− at

+
s · (rcq − βε)

β + sr
, t ∈ 0, t2 ,

αe− at − βP + cq, t ∈ t2, T( .

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(32)

*e proof is in Appendix.
Corollary 5 shows how the platform’s supply rate and

demand rate change based on *eorem 3. At first, the plat-
form’s supply capacity increases monotonically under the
effect of the optimal price, with its supply rate equal to the
demand rate to maximize profit. As time passes, due to the
constraint of the ceiling price, the platform can acquire limited
supply capacity from drivers. However, as the market ride
demand increases continuously, the platform will maintain
maximum supply capacity to meet ride demand in time and
correspondingly reduce the booking delay. *e platform must
allow for some booking delay cost because delayed bookings
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are unavoidable, which is consistent with the real scenario that,
during peak traffic periods, passengers have to wait for rides.

Corollary 6. During the ride service time [0, T], based on
Beorem 3 and Corollary 5, the platform’s total transaction
volume and total profit meet:

(a) If T≦ t2, the total transaction volume ψ ∗u is equal to
equation (28) and the total profit π ∗u is equal to
equation (29)

(b) If 0≦ t2≦T, ψ ∗u is given by

ψ ∗u (t) �
sr(α + cq + sε − P(sr + β))

a(β + sr)

−
1
a

· ln
P · (sr + β) − (cq + sε)

α
 

·
s · (rcq − βε)

β + sr
− (srP − sε)P  +(srP − sε)T.

(33)

*e platform’s total profit π ∗u is given by

π ∗u � 
t2

0
S
∗
u (t) · (1 − r) · P

∗
u (t) − ηq

2
 dt

+ 
T

t2



T

t2

S
∗
u (t) · (1 − r) · P − ηq

2
 

− h · 
t

t2

D
∗
u (τ) − S

∗
u (τ)( dτdt.

(34)

*e proof is in Appendix.

4.3. Optimal Pricing Strategy with Stable Market Demand
(a� 0). In this section, we consider the scenario in which the
market demand is stable, that is, a scenario between a high
demand state and a low demand state with no fluctuation
during the period. In practice, sometimes the number of
riders who need to take a trip is almost equal to the number
of the drivers in a certain area. *erefore, in this case, the
supply and demand balance of the ride-hailing platform at
time 0 remains the same, and there is no opportunity cost or
booking delay cost during the ride service time [0, T]. *is
situation can be modeled as follows.

*e objective function is given by

πb Pb, t(  �max
Pb(t)


T

0


T

0

Db Pb,t(  · Pb(t) − Db Pb,t(  · Cb(t) dt

�max
Pb(t)


T

0
Db(P,t) · Pb(t) − Wb(t) − ηq

2
  dt.

(35)

*e constraints are

v(t) � u(t) � 0

a � 0.
(36)

Theorem 4. During the ride service time [0, T], the market
demand is stable.Be platform’s optimal dynamic priceP∗b (t) is

P
∗
b (t) �

α
sr + β

+
cq + sε
sr + β

. (37)

*e trajectories of the platform’s supply rate S∗b (t) and
demand rate D ∗b (t) over time are

S
∗
b (t) �

srα
sr + β

+
s · (rcq − βε)

sr + β
, (38)

D
∗
b (t) �

srα
sr + β

+
s · (rcq − βε)

sr + β
. (39)

*e proof is in Appendix.
According to *eorem 4, the optimal price does not

change dynamically with time t when the market demand is
stable during the ride service time [0, T].*e optimal price is
also a constant, and the platform retains a certain number of
drivers to provide transport and balance the market demand
to ensure smooth operation.

Based on the optimal solution of *eorem 4, the plat-
form’s total transaction volume and total profit can be
obtained, as in Corollary 7.

Corollary 7. During the ride service time [0, T], when the
market demand is stable, the platform’s total transaction
volume ψ ∗b is

ψ ∗b (t) � sT ·
(rα + rcq − βε)

(sr + β)
. (40)

*e platform’s total profit π ∗b is

π ∗b � 
T

0
D
∗
b (t) · (1 − r) · P

∗
b (t) − ηq

2
 dt. (41)

*e proof is in Appendix.
Next, according to the modeling and the analysis above,

we summarize in Table 2, the properties of the optimal
dynamic prices in the three scenarios, where ↑ indicates the
variable is increasing over time,⟶ indicates the variable is
stable or unchanged over time, and ↓ indicates the variable is
decreasing over time.

4.4. Impact of Key Parameters on the Optimal Pricing
Strategies. Some key parameters—such as the coefficient of
demand fluctuation a, service quality q, and fixed com-
mission rate r—have an important impact on the platform’s
pricing decisions. In this section, we analyze these param-
eters’ impact on the platform’s optimal pricing strategies
based on the optimal solutions in Sections 4.1, 4.2, and 4.3.
*us, we try to answer the following questions: how does the
platform dynamically adjust its pricing decisions based on
the changes in the degree of market demand fluctuation?
How do the platform’s service quality and fixed commission
contract affect pricing decisions under different market
demand situations? We divide our analysis into three sec-
tions. In Section 4.4.1, we study the impact of a. In Section
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4.2.2, we analyze the impact of q. In Section 4.4.3, we discuss
the impact of r. In Section 4.4, for the convenience of
analysis and discussion, we consider the general cases in
which we assume c> 0, P is a constant, and t1, t2<T.
Furthermore, as P∗u (t) � P when t ∈ [t2, T], we only consider
t ∈ [0, t2] in the case of increasing market demand.

4.4.1. Coefficient of Demand Fluctuation. In this section, we
analyze how parameter a affects the platform’s pricing de-
cision under both scenarios of decreasing and increasing
fluctuating market demand. Usually, the degree of market
demand fluctuation varies in different regions; for example,
there is more ride-hailing demand in certain central business
districts of Shanghai. Of course, even in the same region, the
degree of market demand fluctuation at different times
might vary, such as during rainy weather. *erefore, to
maximize the profit, the platform adjusts its optimal pricing
strategies dynamically according to the different degrees of
market demand fluctuation. For example, Uber’s current
pricing engine generates tens of millions of price decisions at
the level of geographic units every minute across the world.

Proposition 1. During the ride service time [0, T], the impact
of a on the optimal pricing strategies as follows:

(a) In decreasing market demand, P∗v (t) decreases when
a increases. Bere is a critical point a∗ �

(2ce(sr + β)/α(1 − r)). If a≦ a∗, t1 increases when a
increases. If a> a∗, t1 decreases when a increases.

(b) In increasing market demand, during the ride service
time [0, t2], when a decreases, P∗u (t) increases and t2
decreases.

According to Proposition 1, the influence of a on the
platform’s pricing decisions can be summed up as follows:
the faster the decrease in market demand, the lower the
optimal price. If the coefficient of demand fluctuation a is
smaller than the critical value a∗ and the platform’s price
reaches Pmin

v , the time point t1 moves backward when a
increases. However, if the coefficient of demand fluctuation
a is higher than the critical value a∗ and the platform
reaches Pmin

v , the time point t1 moves forward when a
increases. *e faster the market demand increases, the
higher the optimal price when the platform’s price is not at
its ceiling price, and the time point t2 moves forward when
the platform’s price reaches Pmax

u .

4.4.2. Service Quality. *e platform’s service quality in-
cludes passenger satisfaction with the ride service. For ex-
ample, China’s DiDi platform usually adjusts the matching
distance between passengers and surrounding drivers based
on the demand situation in a certain area, which influences
the time it takes for the driver to pick up the passenger and
thus affects customer satisfaction. Passengers are concerned
not only with the price but also with the quality of the
service. Passenger satisfaction is related to the platform’s
service quality. However, from the platform’s perspective,
service quality is closely related to service cost, which affects
pricing decisions. *erefore, it is important to discuss the
service quality and determine how the service quality affects
the optimal pricing strategies. *is section analyzes how
service quality parameter q affects the platform’s pricing
decisions under three market situations: decreasing demand,
increasing demand, and stable demand.

Proposition 2. During the ride service time [0, T], the impact
of service quality q on the optimal pricing strategies is as
follows:

(a) In the three market demand situations (i.e., a> 0,
a< 0, a� 0) and t ∈ [0, t2] when market demand in-
creases, the optimal price P∗(t) increases when q
increases. For each unit of increase in q, P∗(t) in-
creases by c/(β + sr)

(b) In decreasing market demand, t1 remains unchanged
when q decreases

(c) In increasing market demand, t2 increases when q
decreases

Proposition 2 indicates that regardless of any market
demand situation, the platform’s optimal prices rise as service
quality increases. In reality, when service quality improves, it
is because the platform usually has invested more human and
technical resources, which inevitably increase operation costs.
As a result, service prices rise accordingly to maximize the
platform’s profit. In addition, when q decreases, the time point
t1 is unchanged when the platform’s price reaches Pmin

v , but
the time point t2 moves backward when the platform’s price
reaches Pmax

u . In other words, the service period t2 to T rep-
resents the peak congestion period. During this time, the
platform might correspondingly reduce the peak congestion
period if q is appropriately reduced, to decrease part of the ride
demand and thus reduce the time spent in traffic jams.

4.4.3. Fixed Commission Rate. *e fixed commission rate is
the percentage of the fare that the platform pays to the
drivers after they complete each ride. Setting a fixed com-
mission contract not only directly affects the platform’s
revenue from each transaction but also affects the drivers’
income. In reality, the platform’s fixed commission rate
might change; for example, Didi Chuxing’s fixed commis-
sion rate varies from approximately 0.7 to 0.8. *us, to
maximize the platform’s profits, it is necessary to adjust the
optimal pricing strategies by setting different commission
rates. In this section, we analyze how the fixed commission
rate parameter r affects the platform’s pricing decisions

Table 2: *e optimal dynamic price changes with t.

Market demand
situations Cases T’s conditions P∗(t)

a> 0
c� 0 T≦Tth ↓

T>Tth ↓ ⟶

c≠ 0 T≦ t1 ↓
T> t1 ↓ ↑

a< 0
P⟶ +∞ ↑

P is a constant T≦ t2 ↑
T> t2 ↑ ⟶

a� 0 ⟶
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under three market demand situations. For the convenience
of analysis, we assume rhmeans the platform adopts a higher
fixed commission rate, and rl means the platform adopts a
lower fixed commission rate, and rh> rl.

Proposition 3. During the ride service time [0, T], rh is the
higher fixed commission rate, rl is the lower fixed commission
rate, and rh> rl. Be platform adjusts its optimal pricing
strategies with different r:

(a) In decreasing market demand, we have a critical point
t3 � (βs(α + cq + sε) · (1 − r)2/c(s + β) · (sr + β)2),
when t< t3, P∗v (rh, t)<P∗v (rl, t). When t� t3,
P∗v (rh, t3) � P∗v (rl, t3). When t> t3,
P∗v (rh, t3)>P∗v (rl, t3). Additionally, we have
t1(rh)< t1(rl).

(b) In increasing market demand during the ride service
time [0, t2], P∗u (rh, t)<P∗u (rl, t), t2(rh)> t2(rl).

(c) In stable market demand, P∗b (rh, t)<P∗b (rl, t).

According to Proposition 3, the effects of r on the plat-
form’s pricing decisions can be summarized as follows: the
optimal price is higher when the platform reduces the fixed
commission rate r. *is result is intuitive because the decrease
in r leads to less supply capacity, whereas higher prices can
change the situation. However, for decreasing market de-
mand, once demand drops to a certain level, the platform has
to increase r, and thus the optimal price is higher. *e
platform faces deteriorating market demand, but once r in-
creases, it leads to lower revenue for each transaction; thus,
the platform raises the optimal price to ensure revenue. In
addition, when r increases, the time point t1 moves forward
when the platform’s price reaches Pmin

v , but the time point t2
moves backward when the platform reaches Pmax

u . In other
words, as the service period t2 to T represents the peak
congestion period, the platform can correspondingly reduce
the peak congestion period by appropriately improving r.

Tables 3 and 4 summarize the impact of the key pa-
rameters on pricing decisions based on the analysis above
and Propositions 1–3.

5. Extended Model

From a long cycle perspective, the ride demand may first
increase and then decrease, or first decrease and then increase,
so the benchmark model may not be intuitive. In this section,
we construct a general model to extend our benchmarkmodel
in Section 4, which can provide reference for the ride-hailing
platform enterprises when the situation in which there is
increasing or decreasing fluctuation of market demand (e.g.,
first increasing and then decreasing). In addition, we find the
characteristics of the optimal dynamic price trajectory in the
general model are consistent with those of the benchmark
model, that is, the other forms of requirement functions will
not change the correctness of the conclusion.

To facilitate the construction of the general model, we
adjusted the assumptions of the benchmark model as fol-
lows: 1. assumption 7 is removed, which means that the
initial demand of the market (i.e., α(t)) in the demand

function can be non-monotonic; 2. from a long cycle per-
spective, changes in the supply and demand state of the
platform will be difficult to control and model, so we as-
sumed that all ride requests can be satisfied eventually (even
if the ride bookings are delayed during peak demand) at time
t, that is, we consider the demand rate to be fully satisfied at
time t, where there is no booking delay or opportunity cost
(in this section, the authors focus on studying the effect of
the non-monotonic demand fluctuation on optimal pricing
problem of the ride-hailing platform, without considering
the supply-side characteristics of the platforms. *e plat-
form’s opportunity cost and booking delay cost can be
viewed as endogenously determined by setting the price,
which does not affect the analysis in this section).

*e ride-hailing platform’s objective is to find the optimal
dynamic price trajectory when the market demand fluctuation
is uncertain to maximize the total profit over the ride service
time of [0, T]. *e objective function is given as follows:

π(P, t) � max
P(t)


T

0
[D(P, t) · P(t) − D(P, t) · C(t)]dt,

� max
P(t)


T

0
(α(t) − βP(t) + cq) · P(t) − W(t) − ηq

2
  dt,

(42)

where α(t) changes over time is uncertain, it can be non-
monotonic. With the support of big data and artificial in-
telligence technology (e.g., DiDi Brain, that is, an artificial
intelligence brain based on traffic data is established by DiDi
in the cloud), the platform can predict the fluctuation of the
ride demand market in a certain service region based on
historical data.

Observe that, in the general model, the solution of the
optimal dynamic price trajectory of the ride-hailing platform
can be regarded as a functional extremal problem.
According to equation (42), the optimal control variational
method is used to solve the extremal value, denoted as
follows:

F � (α(t) − βP(t) + cq) · P(t) − W(t) − ηq
2

 . (43)

Lemma 3. During the ride service time [0, T], with uncertain
market demand fluctuation, the platform’s profit π(P, t) is

Table 3: *e impact of the key parameters on optimal prices.

Optimal price a↑ (a> 0) a↓ (a< 0) q↑
r↓

t< t3 t� t3 t> t3
P∗v (t) ↓ — ↑ ↑ ⟶ ↓
P∗u (t) — ↑ ↑ ↑ ↑ ↑
P∗b (t) — — ↑ ↑ ↑ ↑

Table 4: *e impact of the key parameters on critical points.

Critical point
a↑ (a> 0)

a↓ (a< 0) q↓ r↑
a≦ a∗ a> a∗

t1 ↑ ↓ — ⟶ ↓
t2 — — ↓ ↑ ↑
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strictly concave in price P(t), and the optimal dynamic price
solution P∗(t) can maximize the platform’s profit π(P, t).

Proof. From equation (43), the second partial derivative of F
with respect to P(t) can be calculated as follows:

d2F
dP2 � − 2β(1 − r). (44)

Since β> 0, 0< r< 1, then by equation (44), we have
(d2F/dP2)< 0, which indicates that π(P, t) is a concave
function of P(t). Obviously, we can get Lemma 3.

*us, Lemma 3 is proved.
In order to maximize the profit with uncertain market

demand fluctuation, according to the necessary condition
for an extremum of the functional, we have the Euler
equation, that is, (zF/zP(t)) − (d/dt)(zF/zP′(t)) � 0. Since
there is no P′(t) term in equation (43), the Euler equation
can be simplified to (dF/dP(t)) � 0. By solving this first-
order condition, *eorem 5 can be obtained. □

Theorem 5. During the ride service time [0, T], with un-
certain market demand fluctuation, the ride-hailing plat-
form’s optimal dynamic price trajectory P∗(t) is

P
∗
(t) �

α(t) + cq

2β
+

ηq2

2(1 − r)
, (45)

where if we consider the minimum wage constraint (i.e.,
W(t)> ε) and the price ceiling P, the optimal dynamic price
trajectory satisfies ε/r<P∗(t)≦P.

*eorem 5 indicates that the optimal dynamic price
trajectory of ride-hailing platform changes dynamically with
time t. Intuitively, the characteristics of the optimal dynamic
price trajectory P∗(t) changing with time are positively
correlated with the fluctuation of potential market demand
α(t) with time. *erefore, the optimal dynamic price will
change dynamically with the uncertain fluctuation of market
demand during the ride service time [0, T]. For example,
when the market demand is decreasing in a short period of
time, the optimal dynamic price trajectory P∗(t) decreases
monotonically over time, so as to alleviate the weakening
market demand and to stimulate market demand as much as
possible to maximize the utilization of supply capacity,
which is consistent with the benchmarkmodel of Section 4.1.
In the same way, when the market demand is increasing in a
short period of time, the optimal dynamic price trajectory
P∗(t) increases monotonically over time, which is consistent
with the benchmark model of Section 4.2. As we can see, the
other forms of requirement functions (e.g., the market
demand rate fluctuations are not driven by the exponential
process) will not change the correctness of the conclusion.

6. Numerical Analysis

In this section, we conduct numerical studies to verify the
conclusions obtained in the previous sections. We also draw
some new conclusions by analyzing the impact of the key
parameters on the platform’s total transaction volume and

total profit under different market demand situations. For
simplicity, we assume the driver’s minimum participation cost
per time unit ε� 0.*is assumption does not affect the results.
As in [8] and [16], for the numerical analysis, we first provide
the parameters (Table 5) used in the different scenarios.

6.1. Optimal Solutions. In Sections 4.1, 4.2, and 4.3, we
present the optimal solutions for the pricing decisions of
three market demand situations: decreasing, increasing, and
stable. *e three situations are examined in this section. In
addition to the fixed parameters in Table 5, the other pa-
rameters are q� 30, r� 0.7, and a� {0.03, − 0.03, 0}; a� 0.03
indicates that the platform faces decreasing market demand,
a� -0.03 indicates that the platform faces increasing market
demand, and a� 0 indicates that the platform faces stable
market demand.

First, we analyze the scenario of decreasing market
demand during the ride service time [0, T]. According to
*eorem 1, Figure 5(a) shows the optimal price trajectory
when the platform’s demand decreases first and then in-
creases. *is result is consistent with the general case of c≠ 0
in Corollary 1.

Here, the corresponding optimal dynamic price is

P
∗
v (t) � 50e

− 0.03t
+ 0.8t − 6.25, t ∈ [0, 30]. (46)

Figure 5(b) shows the trajectories of demand rate and
supply rate under the influence of optimal prices. In
Figure 5(b), area N indicates that the platform reduces the
supply capacity to appropriately avoid too many drivers
accepting bookings on the platform; area M indicates that
the optimal price alleviates the attenuation of market de-
mand to some extent; and area Q indicates that the platform
does not achieve a balance of supply and demand under
profit maximization, or that the platform is not aiming to
eliminate excess supply capacity. From Figure 5(c), we see
that the platform’s reduced profit rate with time cannot
offset the impact of weakening market demand on the
platform’s profit, even with the price increase in the later
service period.

Next, we look at the second scenario—increasing market
demand during the ride service time [0, T].*is research only
simulates the case of the platform being constrained by the
ceiling price (Pu(t)≦P, P is a constant). Figure 6(a) shows
that the platform’s optimal price increases first and then
remains unchanged, which is consistent with the analysis of
*eorem 3. *e corresponding optimal dynamic price is

P
∗
u (t) �

41.67e0.03t + 2.086, t ∈ [0, 20.86],

80, t ∈ (20.86, 30].
 (47)

Figure 6(b) shows the trajectories of demand rate and
supply rate under the influence of optimal prices. In
Figure 6(b), area X indicates that, although the increase in
price decreases the demand, it can satisfy the demand of
people who are more anxious for a ride service; area Y
indicates that the price increase greatly increases the plat-
form’s supply capacity, which can satisfy the ride demands of
more people in that period; and area Z indicates that the
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platform faces the peak congestion period because of the
ceiling price. From Figure 6(c), we see that the platform’s
profit rate first increases and then stabilizes.

Finally, we examine the scenario of stable market de-
mand during the ride service time [0, T]. As shown in
*eorem 4 and Figures 7(a) and 7(b), the trajectories of the
optimal price, demand rate, and supply rate are unchanged
over time. Here, the corresponding optimal dynamic price is

P
∗
b (t) � 43.75, t ∈ [0, 30]. (48)

In addition, Figure 7(c) shows that the platform’s profit
rate remains unchanged over time.

6.2. Key Parameters

6.2.1. Coefficient of Demand Fluctuation (a). In addition to
the fixed parameters in Table 5, other parameters are q� 30,
r� 0.7, and a� { 0.025, 0.03, 0.04, − 0.025, − 0.03, − 0.04}. a�

{0.025, 0.03, 0.04} indicates the different degrees of de-
creasing market demand and a� {− 0.025, − 0.03, − 0.04}
indicates the different degrees of increasing market demand.
In decreasing market demand, a greater value a represents a
faster decrease for market demand. In increasing market
demand, a smaller value a represents a faster increase for
market demand. Figure 8(a) shows the curves of optimal
dynamic prices with different a values when market demand

Table 5: Tested parameter values.

Parameter T α β c s η C h P

Value 30 400 4 1 8 0.001 0.1 0.1 80
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Figure 5: (a) Optimal price trajectory, (b) the trajectories of demand and supply, and (c) the trajectory of the profit rate in decreasingmarket
demand (a> 0).
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is decreasing. It is shown from Figure 8(a) that, for a greater
value a, the platform’s price is relatively lower and the time
point t1 will move backward since a< a∗ � 0.043 in this
scenario, which is consistent with Proposition 1 (a).
Figure 8(b) shows the curves of optimal dynamic prices with
different a values when market demand increases. In
Proposition 1 (b), it is shown from Figure 8(b) that, for a
smaller value a, the platform’s price is relatively higher and
the time point t2 moves forward, which means the platform
will face a longer peak congestion period.

From Table 6, we observe the following:

(i) With decreasing market demand in the ride
service time [0, T], the platform’s total transaction
volume and total profit both decrease when a
increases. In other words, a faster decrease in
market demand results in lower transaction vol-
ume and profit.

(ii) With increasing market demand in the ride service
time [0, T], the platform’s total transaction volume

and total profit both increase when a decreases. In
other words, a faster increase in market demand
results in relatively higher transaction volume and
profit.

6.2.2. Service Quality (q). In addition to the fixed param-
eters in Table 5, other parameters are q � {10, 30, 50},
r � 0.7, and a � {0.03, − 0.03, 0}. q � {10, 30, 50} indicates
the platformmay adopt different service qualities. Figure 9
shows that the optimal prices increase with an increase in
q regardless of market demand situations when the
platform is not constrained by the ceiling price, which is
consistent with Proposition 2 (a). In addition, by ob-
serving Figure 9(a), the time point t1 is unchanged with a
different q value, which is consistent with Proposition 3
(b). As depicted in Proposition 2 (c), Figure 9(b) shows
that the time point t2 will move backward when q de-
creases, and t2 is pushed backward, meaning the peak
congestion period is reduced.
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Figure 6: (a) Optimal price trajectory, (b) the trajectories of demand and supply, and (c) the trajectory of the profit rate in increasing market
demand (a< 0).
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From Table 7, we observe the following:

(i) Regardless of market demand, the platform’s total
transaction volume increases when q increases.

(ii) For the same service quality, the total transaction
volume under increasing market demand is higher
than under stable market demand, and the volume
under stable market demand is higher than under
decreasing market demand. *at is,
ψ ∗u (q)>ψ ∗b (q)>ψ ∗v (q).

(iii) Regardless of market demand, the platform’s total
profit increases first and then decreases when q
increases. *e total profit is the largest when q� 40
under decreasing market demand, that is,
π ∗v (q∗v � 40)≧ π ∗v (q). *e total profit is the largest
when q� 30 under stable market demand, that is,
π ∗b (q∗b � 30)≧ π ∗b (q). *e total profit is the largest
when q� 20 under increasing market demand, that
is, π ∗u (q∗u � 20)≧ π ∗u (q). Furthermore, we find the

service quality of the total profit maximized under
decreasing market demand is higher than under
stable market demand, and the service quality under
stable market demand is higher than under in-
creasing market demand. *at is,
q∗v � 40≥ q∗b � 30> q∗u � 20.

(iv) For the same service quality, the total profit under
increasing market demand is higher than under
stable market demand, and the profit under stable
market demand is higher than under decreasing
market demand. *at is, π ∗u (q)> π ∗b (q)> π ∗v (q).

6.2.3. Fixed Commission Rate (r). In addition to the fixed
parameters in Table 5, other parameters are q� 30, r� {0.5,
0.7}, and a� {0.03, − 0.03, 0}. Hu and Zhou [4] obtained the
optimal fixed commission rate of 0.6063. We set r� {0.5, 0.7}
to compare the scenarios when the platform adopts different
commission rates. As shown in Proposition 3 (a), for
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Figure 7: (a) Optimal price trajectory, (b) the trajectories of demand and supply, and (c) the trajectory of the profit rate in decreasingmarket
demand (a� 0).
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Figure 8: Optimal dynamic prices with different a values under different market situations. (a) a> 0. (b) a< 0.

Table 6:*e impact of a values on the platform’s total transaction volume and total profit under decreasing and increasing market demand.

a ψ ∗v (×103) π ∗v (×104) a ψ ∗u (×103) π ∗u (×104)

0.015 4.74 5.98 − 0.015 8.77 13.05
0.02 4.42 5.27 − 0.02 9.93 17.71
0.025 4.13 4.67 − 0.025 10.64 20.51
0.03 3.87 4.17 − 0.03 11.10 22.36
0.035 3.62 3.74 − 0.035 11.44 23.66
0.04 3.40 3.37 − 0.04 11.69 24.61
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Figure 9: Continued.
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decreasing market demand, Figure 10(a) shows that P∗v (0.7,
t)<P∗v (0.5, t) when t< t3, P∗v (0.7, t)�P∗v (0.5, t) when t� t3,
and P∗v (0.7, t)>P∗v (0.5, t) when t> t3, and the time point t1
moves forward when rmoves from 0.7 to 0.5; the time point
t1 of r� 0.5 has actually moved out of T in our simulations.
For increasing market demand, as depicted in Proposition 3
(b), Figure 10(b) shows that P∗u (0.7, t)<P∗u (0.5, t) and the
time point t2 is pushed backward when r from 0.5 to 0.7; this
implies the peak congestion period is reduced. For stable
market demand, Figure 10(c) shows that P∗b (0.7, t)<P

∗
b (0.5,

t), which is consistent with Proposition 3 (c).
From Table 8, we observe the following:

(i) With decreasing market demand, the platform’s
total transaction volume increases first and then
decreases when r increases. When the total trans-
action volume is maximized, r is 0.65. However,
under increasing market demand and stable market
demand, the total transaction volume increases
when r increases.

(ii) For the same r, the total transaction volume under
increasing market demand is higher than under
stable market demand, and the volume under stable

market demand is higher than under decreasing
market demand. *at is, ψ ∗u (r)>ψ ∗b (r)>ψ ∗v (r).

(iii) Regardless of market demand, the platform’s total
profit increases first and then decreases when r
increases. *e total profit is the largest when r� 0.35
under decreasing market demand, that is,
π ∗v (r
∗
v � 0.35)≧ π ∗v (r). *e total profit is the largest

when r� 0.25 under stable market demand, that is,
π ∗b (r
∗
b � 0.25)≧ π ∗b (r). *e total profit is the largest

when r� 0.4 under increasing market demand, that
is, π ∗u (r∗u � 0.4)≧ π ∗u (r). Moreover, we find that
when the total profit is maximized, r varies under
different market demand situations. *at is,
r∗v � 0.35≠ r∗b � 0.25≠ r∗u � 0.4.

(iv) For the same r, the total profit under increasing
market demand is higher than under stable demand,
and the profit under stable market demand is higher
than under decreasing market demand. *at is,
π ∗u (r)> π ∗b (r)> π ∗v (r).

From observation (iii), we note that the platform ob-
viously cannot set a low rate of return for its own profit
maximization in reality—that is, r∗b � 0.25, r∗v � 0.35, or
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Figure 9: Optimal dynamic prices with different q under different market situations. (a) a> 0. (b) a< 0. (c) a� 0.

Table 7:*e impact of q on the platform’s total transaction volume and total profit under decreasing, increasing, and stable market demand.

q ψ ∗v (×10
3) ψ ∗b (×10

3) ψ ∗u (×10
3) π ∗v (×10

4) π ∗b (×10
4) π ∗u (×10

4)

5 3.60 7.09 10.92 3.84 8.95 22.12
10 3.69 7.18 10.98 3.96 9.12 22.26
15 3.78 7.26 11.04 4.07 9.26 22.34
20 3.87 7.35 11.10 4.17 9.35 22.36
25 3.95 7.44 11.16 4.24 9.41 22.32
30 4.04 7.53 11.22 4.29 9.43 22.23
35 4.13 7.61 11.28 4.31 9.42 22.07
40 4.22 7.70 11.34 4.32 9.36 21.85
45 4.30 7.79 11.40 4.29 9.25 21.57
50 4.39 7.88 11.46 4.24 9.11 21.22
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r∗u � 0.4—because the platform must consider the basic
income of drivers and motivate their participation. In our
study, because we do not focus on the platform’s incentives

for drivers, we find that the optimal r is relatively small.
However, this has no impact on our analysis of the rela-
tionship between r and the platform’s profit.
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Figure 10: Optimal dynamic prices with different r values under different market situations. (a) a> 0. (b) a< 0. (c) a� 0.

Table 8:*e impact of r on the platform’s total transaction volume and total profit under decreasing, increasing, and stable market demand.

r ψ ∗v (×10
3) ψ ∗b (×10

3) ψ ∗u (×10
3) π ∗v (×10

4) π ∗b (×10
4) π ∗u (×10

4)

0.2 1.24 3.60 3.83 6.46 21.46 24.15
0.25 1.80 4.20 4.75 7.93 21.88 27.91
0.3 2.27 4.73 5.64 8.60 21.52 30.60
0.35 2.67 5.19 6.48 8.73 20.62 32.26
0.4 3.02 5.60 7.28 8.50 19.38 32.98
0.45 3.30 5.97 8.03 8.03 17.90 32.83
0.5 3.54 6.30 8.74 7.41 16.29 31.91
0.55 3.72 6.60 9.40 6.68 14.59 30.31
0.6 3.84 6.87 10.01 5.89 12.85 28.13
0.65 3.90 7.12 10.58 5.05 11.09 25.45
0.7 3.87 7.35 11.10 4.17 9.35 22.36
0.75 3.72 7.56 11.58 3.22 7.64 18.94
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7. Conclusions, Managerial Insights, and
Future Research

*is paper examines the dynamic pricing problems of ride-
hailing platforms under the imbalance between the supply
and the demand caused by the market demand fluctuation.
Unlike existing demand models, which usually consider the
effect of price, we combine the effects of price and time on
demand. We model demand as an exponential function of
time, introducing the coefficient of demand fluctuation to
represent three different market demand situations: de-
creasing demand, increasing demand, and stable demand.
We use optimal control theory to construct our models
based on the state change in supply and demand, with the
aim of maximizing the platform’s total profit in a finite
service time.

7.1. Concluding Remarks. Due to the fluctuations of pas-
senger demand, ride-hailing platforms often face undesir-
able situations of insufficient supply or insufficient demand.
Determining how tomatch passenger supply and demand by
optimally setting platform prices is an important issue. In
this study, we contribute to the literature on demand
function and supply function (e.g., Cachon et al. [8]; Hu and
Zhou [4]; Liu et al. [16]). In considering the scenarios of both
decreasing and increasing passenger demand, we investigate
the dynamic pricing policies of a ride-hailing platform and
obtain the optimal pricing strategies under different market
demand situations. Some key parameters, such as the co-
efficient of demand fluctuation, service quality, and fixed
commission rate, are examined so we can better understand
how they affect pricing decisions. *e main conclusions are
as follows:

(1) *e optimal prices vary dynamically over time in
different cases under different market demand sit-
uations. For decreasing market demand, with the
passage of time, when we do not consider oppor-
tunity cost, the optimal price decreases first and then
remains unchanged; when we consider the oppor-
tunity cost, the optimal price decreases first and then
increases. For increasing market demand, with the
passage of time, when we do not consider the ceiling
price constraint, the optimal price increases; when
we consider the ceiling price constraint, the optimal
price increases first and then remains unchanged.
For stable market demand, the optimal price does
not change over time.

(2) *e optimal prices dynamically affect the platform’s
supply capacity and demand. For decreasing market
demand, on the one hand, the platform reduces the
excess supply capacity through the optimal price to
avoid too many drivers accepting bookings; on the
other hand, to some extent, the optimal price also
alleviates the weakening market demand. For in-
creasing market demand, the platform greatly im-
proves the supply capacity through the optimal price,
which can satisfy more people in time; the increase in

the optimal price decreases the demand but satisfies
passengers who are more anxious for the ride service.
For stable market demand, the platform’s supply
capacity and demand do not change over time under
the optimal price.

(3) *e platform should adjust its pricing decisions
according to different key parameters. (a) In terms of
the impact of the coefficient of demand fluctuation,
for decreasing market demand, when market de-
mand decreases faster, the optimal price is relatively
lower. When the coefficient of demand fluctuation is
smaller than the critical value, the time point of the
lowest price becomes larger. However, when the
coefficient is higher than the critical value, the time
point becomes smaller. For decreasing market de-
mand, when market demand increases faster, the
optimal price is relatively higher, and thus the time
point of the ceiling price is smaller. (b) In terms of
the impact of service quality, regardless of market
demand, the optimal price should be raised when
service quality is improved. When service quality
deteriorates, the time point of the lowest price is
unchanged but that of the ceiling price is larger. (c)
In terms of the impact of the fixed commission rate,
regardless of market demand, the optimal price
should be raised when the platform reduces the fixed
commission rate. When the platform adopts a higher
fixed commission rate, the time point of the lowest
price is smaller, but that of the ceiling price is larger.

(4) *e numerical results show that the key parameters
have some effect on the platform’s total transaction
volume and total profit. (a) In terms of the impact of
the coefficient of demand fluctuation, for decreasing
market demand, when market demand decreases
faster, the total transaction volume and total profit
are smaller. For increasing market demand, when
market demand increases faster, the total transaction
volume and total profit are larger. (b) In terms of the
impact of service quality, regardless of market de-
mand, the total transaction volume is larger when
service quality is improved and the total profit is
concave in service quality. *e optimal service
quality when the total profit is largest under different
market demand scenarios is different. For the same
service quality, the total transaction volume and total
profit under increasing market demand are higher
than under stable market demand, and the volume
and profit under stable market demand are higher
than under decreasing market demand. (c) In terms
of the impact of the fixed commission rate, regardless
of market demand, the total transaction volume is
larger when the platform adopts a higher fixed
commission rate and the total profit is concave in the
fixed commission rate. *e optimal, profit-maxi-
mizing commission rate depends on the market
demand (scenario). However, when the platform
adopts the same fixed commission rate under dif-
ferent market demand scenarios, the total
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transaction volume and total profit under increasing
market demand are higher than under stable market
demand, and the volume and profit under stable
market demand are higher than under decreasing
market demand.

7.2.Managerial Insights. Based on the above conclusions, we
offer several important managerial insights:

(1) *is paper can guide ride-hailing platformmanagers in
pricing decisions when the platform faces different
market demand situations: decreasing demand, in-
creasing demand, and stable demand. For example, Didi
Chuxing is considering dynamically adjusting prices
based on supply and demand within certain service
regions. Even when dynamic pricing is limited, our
research can be a reference for a platform’s static pricing
decisions, for example, in regard to the range of static
prices based on different regions’ market demand.

(2) Ride-hailing platforms should set different pricing
decisions according to the degree of market demand
fluctuation in different service regions. For example,
Didi Chuxing tends to have more pronounced price
changes in some of Shanghai’s CBD areas and
subway stations.

(3) *e fixed commission rate design can affect the
platform’s pricing decisions. *e platform managers
should have a flexible commission strategy according
to the different service regions and different market
demands to thus reduce costs while providing better
service and maximizing revenue.

(4) All platform companies should have social respon-
sibility, and a ride-hailing platform is no exception.
Some of the ride-hailing platform’s social respon-
sibilities are to reduce traffic congestion, make travel
better, and help users improve the travel efficiency
(e.g., Didi Chuxing and Meituan; Zhong et al. [59]).
From this perspective, the platform can change
service quality or improve its fixed commission rate
to achieve the purpose of improving traffic condi-
tions when market demand is increasing. For ex-
ample, the platform reduces the service quality by
changing the maximum matching distance between
the passenger and the driver, which can reduce
congestion passengers appropriately and improve
the travel efficiency of the remaining passengers
through long-distance driver scheduling.

(5) As some new ride-hailing platforms enter the
market, they tend to pursue the maximization of
transaction volume in the early stages to compete for
market share. For example, the Meituan ride-hailing
platform, aiming to maximize its transaction vol-
ume, competes with Didi Chuxing for market share.
Our study might be of interest to these new plat-
forms. Managers can improve the service quality
and/or the commission rate to maximize the
transaction volume under different market demand
situations.

7.3.FutureResearch. Our work has some limitations and can
be extended in several ways. First, one might examine more
realistic scenarios with our models. For example, it would be
reasonable to consider the drivers’ loss avoidance behavior
under decreasing market demand or to consider the pas-
sengers’ booking cancellation behavior under increasing
market demand. Also, it would be more applicable in sce-
narios considering the supply-demand uncertainty and
other initial states. Second, for simplicity, we ignore the
spatial dimension that is important to a platform’s pricing
decisions. Future work can use the distance factor to in-
vestigate a platform’s pricing strategies under market de-
mand fluctuation. *ird, future research can analyze the
optimal static prices (including surge price) under different
market demand situations when dynamic pricing is con-
strained. It would be interesting to compare the optimal
static prices to the optimal dynamic prices. Fourth, future
models can introduce the drivers’ incentive constraints. For
example, it would be valuable to consider the drivers’
participation constraint and incentive compatible constraint
through the lens of principal-agent theory. Fifth, as more
than one platform compete for both demand and supply in
reality, future research can examine how two or more
platforms compete under the different market demand
scenarios of this study.

Appendix

Proof of Lemma 1. *e second partial derivative of Hv with
respect to Pv(t) can be calculated as

z2Hv

zP2
v

� − 2β · (1 − r). (A.1)

Since β> 0, 0< r< 1, and then by (A.1), we have
z2Hv/zP2

v < 0, which indicates that πv(Pv, t) is a concave
function of Pv(t). Obviously, we can get Lemma 1. □

Proof of Beorem 1. Since the supply and demand balance of
the ride-hailing platform at time 0, then by (1) and (2), we
know s(W(0) − τ) � α − βP(0) + cq.

We obtain

P(0) �
α + cq + sε

sr + β
. (A.2)

By equation (7), the optimal price at time 0 can be
obtained:

P
∗
v (0) �

α
2β

+
cq + sε
sr + β

−
cT(sr + β)

2β(1 − r)

−
α(sr − β) · 1 − e− aT( 

2βTa(sr + β)
+

v(T)

T(sr + β)
.

(A.3)

Next, by (A.2) and (A.3), we can get

v(T) �
cT2(sr + β)2

2β(1 − r)
+
α(sr − β) 1 − e− aT( 

2βa
+
αT

2
−

srαT

2β
.

(A.4)
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*en, by substituting v(T) into (12) and (13), respec-
tively, we can get equations (14) and (15); next substituting
equation (14) into (1) and (2), respectively, equations (16)
and (17) can be obtained.

*us, *eorem 1 is proved. □

Proof of remark in Beorem 1. By equations (16) and (17) of
*eorem 1, the excess supply capacity of the platform at time
t can be obtained as follows:

v
∗
(t) � 

t

0
S
∗
v (t) − D

∗
v (t)( dt. (A.5)

*e first derivative of v∗(t) with respect to t can be
calculated as

dv∗(t)

dt
� S
∗
v (t) − D

∗
v (t). (A.6)

Since v∗(t) � 0, in order to satisfy v∗(t)≧ 0, we only need
(dv∗(t)/dt)≥ 0, and we use f(t) � (dv∗(t)/dt) ≥ 0; by
equations (16) and (17) of *eorem 1, f(t) can be obtained
as follows:

f(t) �
α(sr − β)

2β
· e

− at
+

c(sr + β)2

β(1 − r)
· t −

α(sr − β)

2β
. (A.7)

*e first derivative of f(t) with respect to t can be
calculated as

f′(t) � −
aα(sr − β)

2β
· e

− at
+

c(sr + β)2

β(1 − r)
. (A.8)

Since f(0) � 0, in order to satisfy f(t) ≧ 0, we only need
f′(t)≧ 0. When β≧ sr, obviously, we know f′(t)≧ 0 by
(A.8). *us, the constraint v(t)≧ 0 in (9) can be satisfied.

If β< sr, t≥ − (1/a)ln(2c(sr + β)2/aα(sr − β) · (1 − r))

can be obtained by making f′(t)≧0, if 2c(sr +β)2≥
aα(sr − β) · (1 − r), then − (1/a)ln(2c(sr +β)2/aα(sr − β) ·

(1 − r))≤0; furthermore, t≥0≥ − (1/a)ln(2c(sr +β)2/
aα(sr − β) · (1 − r)), so v∗(t)≧0 can be satisfied during the
ride service time [0, T]. *us, the constraint v(t)≧0 in (9)
can be satisfied.

*us, remark of *eorem 1 is proved. □

Proof of Corollary 1. By equation (13) of*eorem 1, the first
derivative and second derivative of P∗v (t) with respect to t
can be calculated, respectively, as follows:

dP∗v (t)

dt
�

− aα
2β

· e
− at

+
c(sr + β)

β(1 − r)
, (A.9)

dP2∗
v(t)

dt2
�

a2α
2β

· e
− at

. (A.10)

Since α> 0, β> 0, by (A.10), we know dP2∗
v(t)/dt2,

P∗v (t) is strictly convex in time t.
*us, Corollary 1 (a) is proved.
For Corollary 1 (b), we assume c� 0, since a> 0, by (A.9),

we know lim
t⟶+∞

(dP∗v (t)/dt) � lim
t⟶+∞

((− aα/2β) · e− at) � 0,

there is a threshold Tth: lim
Tth⟶ +∞

(dP∗v (t)/dt) �

lim
Tth⟶ +∞

(− (aα/2β) · e− at) � 0. When 0≦Tth≦T, during the

ride service time [0, Tth], since (dP∗v (t)/dt)< 0, P∗v (t) de-
creases monotonously, however, during the ride service time
[Tth, T], since (dP∗v (t)/dt) � 0, P∗v (t) stabilizes or remains
unchanged.When T<Tth, during the ride service time [0, T],
since (dP∗v (t)/dt)< 0, P∗v (t) decreases monotonously.

*us, Corollary 1 (b) is proved.
For Corollary 1 (c), we assume c≠0, t1 is obtained from

(dP∗v (t)/dt) � 0, i.e., t1 � − (1/a)ln(2c(sr + β)/aα(1 − r));
we have known P∗v (t) is strictly convex in time t from Cor-
ollary 1 (a). When 0≦ t1≦T, there exists an extreme point t1
and Pmin

v � P∗v (t1) in the ride service time [0, T], so P∗v (t)

decreases first and then increases. When T< t1, (dP∗v (t)/dt)<
0, P∗v (t) decreases monotonously in service time [0, T].

*us, Corollary 1 (c) is proved. □

Proof of Corollary 2. By equations (15)–(17) of *eorem 1,
we substitute S∗v (t) and D∗v (t) into (3) and ψ ∗v can be
calculated. *en, we substitute P∗v (t), S∗v (t), and D∗v (t) into
(8), and π ∗v can be calculated.

*us, Corollary 2 is proved. □

Proof of Lemma 2. *e second partial derivative of Hu with
respect to Pu(t) can be calculated as

z2Hu

zP2
u

� 2sr · (1 − r). (A.11)

Since s> 0, 0< r< 1, by (A.11), we have z2Hu/zP2
u > 0,

which indicates that πu(Pu, t) is a convex function of Pu(t).
Obviously, we can get Lemma 2. □

Proof of Beorem 2. Because of the constraints u(t)≧ 0 and
u(0) � 0 in (20), we only need u′(t)≥ 0. By (1) and (2),
(A.12) can be obtained by making D(P, t)≧ S(W, t) as
follows:

P(t)≤
α

β + sr
· e

− at
+

cq + sε
β + sr

. (A.12)

By (A.12), we know Pmax
u as follows:

P
max
u (t) �

α
β + sr

· e
− at

+
cq + sε
β + sr

. (A.13)

Since πu(Pu, t) is strictly convex in Pu(t) from Lemma 2,
Pmax

u (t) is the optimal price point, i.e., Pu(t) � Pmax
u (t).

Next, substituting Pu(t) into (1) and (2), respectively,
equations (26) and (27) can be obtained:

*us, *eorem 2 is proved. □

Proof of Corollary 3. By equation (25) of*eorem 2, the first
derivative and second derivative of Pu(t) with respect to t
can be calculated, respectively, as follows:

dP∗u (t)

dt
�

− aα
β + sr

· e
− at

, (A.14)

dP2∗
u(t)

dt2
�

a2α
β + sr

· e
− at

. (A.15)
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Since a< 0, α> 0, β> 0, s> 0, 0< r< 1, by (A.14) and
(A.15), we know (dP∗u (t)/dt)> 0 and (dP2u

∗ (t)/dt2)> 0;
obviously, Corollary 3 (a) can be proved.

By equations (26) and (27) of *eorem 2, we know
S∗u (t) � D ∗u (t). Also, by u(0) � 0 and (21), it will be easy to
get u(t) � 0, so order delay cost h·u(t) � 0. *us, Corollary 3
(b) is proved. □

Proof of Corollary 4. By equations (25)–(27) of *eorem 2,
we substitute S ∗u (t) and D∗u (t) into (3), and ψ ∗u can be
calculated. *en, we substitute P∗u (t), S∗u (t), and D∗u (t) into
(22), and π ∗u can be calculated.

*us, Corollary 4 is proved. □

Proof of Beorem 3. Since Pu(t)≦P, by equation (22) of
*eorem 2, we can get
t≤ − (1/a)ln(P · (sr + β) − (cq + sε)/α), and t2 can be ob-
tained as follows:

t2 � −
1
a
ln

P · (sr + β) − (cq + sε)
α

 . (A.16)

If T≦ t2, since the platform’s service price is not con-
strained by P in the ride service time [0, T], Pu(t) is equal to
equation (22) of *eorem 2; if 0≦ t2≦T, when t ∈ [0, t2Pu(t)

is equal to equation (22) of*eorem 2; however, when t ∈ (t2,
T], the optimal price will increase to the ceiling price P and
the platform will maintain P so that the platform can use the
maximum supply capacity to provide transport.

*us, *eorem 3 is proved. □

Proof of Corollary 5. If T≦ t2, we substitute Pu(t) into (1)
and (2), respectively, based on *eorem 3, and Corollary 5
(a) can be obtained.

If 0≦ t2≦T, similarly, we substitute Pu(t) into (1) and
(2), respectively; based on *eorem 3, equations (31) and
(32) can be obtained. Also, since S∗u (t) � D∗u (t) when t∈[0,
t2] and S∗u (t) � S∗u (t2) � D∗u (t2)<D∗u (t) when t ∈ (t2, T],
S∗u (t)≦D∗u (t) if 0≦ t2≦T.

*us, Corollary 5 (b) is proved. □

Proof of Corollary 6. If T≦ t2, we substitute S∗u (t) and D∗u (t)

into (3); based on Corollary 5, ψ ∗u can be calculated, and we
substitute P∗u (t), S∗u (t), and D∗u (t) into (22); based on
*eorem 3 and Corollary 5, π ∗u can be calculated.

*us, Corollary 6 (a) is proved.
If 0≦ t2≦T, similarly, Corollary 6 (b) can be

obtained. □

Proof of Beorem 4. Because of the supply and demand
balance of the ride-hailing platform at time 0, then by (1) and
(2), we know P(0)� P(0) � (α + cq − sε/sr + β), i.e., (A.2).
Also, the supply and demand balance of the ride-hailing
platform at time 0 will remain as the market demand is
stable; otherwise, the constraint v(t) � u(t) � 0 of (29) will
not be satisfied. Obviously, P∗b (t) � P(0). Next, we sub-
stitute P∗b (t) into (1) and (2), respectively, and equations
(31) and (32) can be obtained.

*us, *eorem 4 is proved. □

Proof of Corollary 7. By equations (37)–(39) of *eorem 4,
we substitute S∗b (t) and D∗b (t) into (3), and ψ ∗b can be
calculated. *en, we substitute P∗b (t), S∗b (t), and D∗b (t) into
(35), and π ∗b can be calculated.

*us, Corollary 7 is proved. □

Proof of Proposition 1. First, for the market demand de-
creases (i.e., a> 0), by calculating dP∗v (t)/da, we find that

dP∗v (t)

da
� −

α · t

2β
· e

− at ≤ 0.a. (A.17)

For the critical point t1, we know Pmin
v � P∗v (t); by

calculating dt1/da, we get
dt1

da
�

1
a2 · 1 + ln

2c(sr + β)

aα(1 − r)
  . (A.18)

*e critical point a∗ can be obtained from dt1/da � 0,
that is,

a
∗

�
2ce(sr + β)

α(1 − r)
. (A.19)

Combining equation (A.18) with equation (A.19), it will
be easy to get the following: if a≦ a∗, dt1/da≥ 0; if a> a∗,
dt1/da< 0.

*en, for the market demand increases (i.e., a< 0), when
t ∈ [0, t2], by calculating dP∗u (t)/da, we find that

dP∗u (t)

da
� −

α · t

β + sr
· e

− at ≤ 0. (A.20)

For the critical point t2, we know Pmax
u � P∗u (t2) � P; by

calculating dt2/da, we get

dt2

da
�

1
a2 · ln

P · (sr + β) − (cq + sε)
α

 > 0. (A.21)

Obviously, according to the derivation above, we can get
Proposition 1.

*us, Proposition 1 is proved. □

Proof of Proposition 2. By calculating dP∗v (t)/dq and
dP∗u (t)/dq and when t ∈ [0, t2] and dP∗b (t)/dq, we find that

dP∗v (t)

dq
�
dP∗u (t)

dq
�
dP∗b (t)

dq
�

c

β + sr
> 0. (A.22)

For the critical point t1 when market demand decreases,
obviously, by calculating dt1/dq, we get

dt1

dq
� 0. (A.23)

For the critical point t2 when market demand increases,
we know Pmax

u � P∗u (t2) � P; by calculating dt2/dq, we get

dt2

dq
�
1
a

·
αc

P(sr + β) − (cq + sε)
< 0. (A.24)

Obviously, according to the derivation above, we can get
Proposition 2.

*us, Proposition 2 is proved. □
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Proof of Proposition 3. First, for the market demand de-
creases (i.e., a> 0), by calculating dP∗v (t)/dr, we get

dP∗v (t)

dr
�

c(s + β) · t

β(1 − r)2
−

s(α + cq + sε)
(sr + β)2

. (A.25)

*ere exists a critical point t3 which can be obtained
from dP∗v (t)/dr � 0, that is,

t3 �
βs(α + cq + sε) · (1 − r)2

c(s + β) · (sr + β)2
. (A.26)

For the critical point t1, we know Pmin
v � P∗v (t1); by

calculating dt1/dr, we get
dt1

dr
� −

1
a

·
s(1 − r) + r(sr + β)

(sr + β) · (1 − r)
< 0. (A.27)

Second, for the market demand increases (i.e., a< 0),
when t ∈ [0, t2], by calculating dP∗u (t)/dr, we find that

dP∗u (t)

dr
� −

s · e− at + cq + sε( 

(β + sr)2
< 0. (A.28)

For the critical point t2, we know Pmax
u � P∗u (t2) � P; by

calculating dt2/dr, we get

dt2

dr
� −

1
a

·
αsP

P(sr + β) − (cq + sε)
> 0. (A.29)

Finally, we analyze the relation of the optimal price with
respect to r when the market demand is stable (i.e., a� 0). By
calculating dP∗b (t)/dr, we find that

dP∗b (t)

dr
� −

s · (α + cq + sε)
(β + sr)2

< 0. (A.30)

Obviously, according to the derivation above, we can get
Proposition 3.

*us, Proposition 3 is proved. □
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X.Wang, and S. Koenig, “Ridesharing: the state-of-the-art and
future directions,” Transportation Research Part B: Method-
ological, vol. 57, pp. 28–46, 2013.

[29] X. Wang, F. He, H. Yang, and H. Oliver Gao, “Pricing
strategies for a taxi-hailing platform,” Transportation Research
Part E: Logistics and Transportation Review, vol. 93,
pp. 212–231, 2016.

[30] S. Djavadian and J. Y. J. Chow, “An agent-based day-to-day
adjustment process for modeling ’Mobility as a Service’ with a
two-sided flexible transport market,” Transportation Research
Part B: Methodological, vol. 104, pp. 36–57, 2017.

[31] B. Caillaud and B. Jullien, “Chicken & egg: competition
among intermediation service providers,” Be RAND Journal
of Economics, vol. 34, no. 2, pp. 309–328, 2003.

[32] R. Kolisch and D. Zatta, “Implementation of revenue man-
agement in the process industry of north America and
Europe,” Journal of Revenue and Pricing Management, vol. 11,
no. 2, pp. 191–209, 2012.

[33] N. C. Petruzzi and M. Dada, “Pricing and the newsvendor
problem: a review with extensions,” Operations Research,
vol. 47, no. 2, pp. 183–194, 1999.

[34] P. Cao, N. Zhao, and J. Wu, “Dynamic pricing with Bayesian
demand learning and reference price effect,” European
Journal of Operational Research, vol. 279, no. 2, pp. 540–556,
2019.

[35] G. Gallego and G. van Ryzin, “Optimal dynamic pricing of
inventories with stochastic demand over finite horizons,”
Management Science, vol. 40, no. 8, pp. 999–1020, 1994.

[36] G. Gallego and G. van Ryzin, “A multiproduct dynamic
pricing problem and its applications to network yield man-
agement,”Operations Research, vol. 45, no. 1, pp. 24–41, 1997.

[37] S. A. Smith and D. D. Achabal, “Clearance pricing and in-
ventory policies for retail chains,” Management Science,
vol. 44, no. 3, pp. 285–300, 1998.

[38] D. Besanko andW. L.Winston, “Optimal price skimming by a
monopolist facing rational consumers,”Management Science,
vol. 36, no. 5, pp. 555–567, 1990.

[39] C. K. Anderson and J. G. Wilson, “Wait or buy? the strategic
consumer: pricing and profit implications,” Journal of the
Operational Research Society, vol. 54, no. 3, pp. 299–306, 2003.

[40] Y. Aviv and A. Pazgal, “Optimal pricing of seasonal products
in the presence of forward-looking consumers,”
Manufacturing & Service Operations Management, vol. 10,
no. 3, pp. 339–359, 2008.

[41] Y. Levin, J. Mcgill, and M. Nediak, “Optimal dynamic pricing
of perishable items by a monopolist facing strategic con-
sumers,” Production and Operations Management, vol. 19,
no. 1, pp. 40–60, 2010.

[42] Y. Hu, J. Li, and L. Ran, “Dynamic pricing for airline revenue
management under passenger mental accounting,” Mathe-
matical Problems in Engineering, vol. 2015, Article ID 836434,
8 pages, 2015.

[43] R. R. Varella, J. Frazão, and A. V. M. Oliveira, “Dynamic
pricing and market segmentation responses to low-cost
carrier entry,” Transportation Research Part E: Logistics and
Transportation Review, vol. 98, pp. 151–170, 2017.

[44] A. Ajorlou, A. Jadbabaie, and A. Kakhbod, “Dynamic pricing
in social networks: the word-of-mouth effect,” Management
Science, vol. 64, no. 2, pp. 971–979, 2018.

[45] M. Chen and Z.-L. Chen, “Uncertain about your travel plan?
Lock it and decide later: dynamic pricing with a fare-lock
option,” Transportation Research Part E: Logistics and
Transportation Review, vol. 125, pp. 1–26, 2019.

[46] J. Chen, M. Dong, Y. Rong, and L. Yang, “Dynamic pricing for
deteriorating products with menu cost,”Omega, vol. 75, no. 3,
pp. 13–26, 2018.

[47] K. Sato, “Price trends and dynamic pricing in perishable
product market consisting of superior and inferior firms,”
European Journal of Operational Research, vol. 274, no. 1,
pp. 214–226, 2019.

[48] L. Zha, Y. Yin, and Y. Du, “Surge pricing and labor supply in
the ride-sourcing market,” Transportation Research Procedia,
vol. 23, pp. 2–21, 2017.

[49] H. Guda and U. Subramanian, “Your Uber is arriving:
managing on-demand workers through surge pricing, forecast
communication, and worker incentives,” Management Sci-
ence, vol. 65, no. 5, pp. 1949–2443, 2019.

[50] T. Wu, M. Zhang, X. Tian, S. Wang, and G. Hua, “Spatial
differentiation and network externality in pricing mechanism
of online car hailing platform,” International Journal of
Production Economics, vol. 219, no. 1, pp. 275–283, 2020.

[51] J. Bai, K. C. So, and C. S. Tang, “Coordinating supply and
demand on an on-demand service platform with impatient
customers,” Manufacturing & Service Operations Manage-
ment, vol. 21, no. 3, pp. 479–711, 2019.

[52] T. A. Taylor, “On-demand service platforms,” Manufacturing
& Service Operations Management, vol. 20, no. 4, pp. 704–720,
2017.

[53] K. S. Moorthy, “Product and price competition in a duopoly,”
Marketing Science, vol. 7, no. 2, pp. 141–168, 1998.

[54] M. Motta, “Endogenous quality choice: price vs. quantity
competition,” Be Journal of Industrial Economics, vol. 41,
no. 2, pp. 113–131, 1993.

[55] A. Ha, X. Long, and J. Nasiry, “Quality in supply chain en-
croachment,” Manufacturing & Service Operations Manage-
ment, vol. 18, no. 2, pp. 280–298, 2016.

[56] R. Maihami and I. N. Kamalabadi, “Joint pricing and in-
ventory control for non-instantaneous deteriorating items
with partial backlogging and time and price dependent de-
mand,” International Journal of Production Economics,
vol. 136, no. 1, pp. 116–122, 2012.

Mathematical Problems in Engineering 25

http://web.mit.edu/14.271/www/rochet_tirole.pdf


[57] M. Ghoreishi, G.-W. Weber, and A. Mirzazadeh, “An in-
ventorymodel for non-instantaneous deteriorating items with
partial backlogging, permissible delay in payments, inflation-
and selling price-dependent demand and customer returns,”
Annals of Operations Research, vol. 226, no. 1, pp. 221–238,
2015.

[58] S. Jørgensen and P. M. Kort, “Optimal pricing and inventory
policies: centralized and decentralized decision making,”
European Journal of Operational Research, vol. 138, no. 3,
pp. 578–600, 2002.

[59] Y. Zhong, Z. Lin, Y.-W. Zhou, T. C. E. Cheng, and X. Lin,
“Matching supply and demand on ride-sharing platforms
with permanent agents and competition,” International
Journal of Production Economics, vol. 218, pp. 363–374, 2019.

26 Mathematical Problems in Engineering


